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ABSTRACT
There is an ongoing controversy, whether technical analysis does provide
useful information in the context of predicting future market trends and, therefore
guided by technical trading systems investors can beat market performance.
This controversy has motivated researchers across various markets to compare the
performance of different technical analysis systems to market performance and see
whether technical analysis does add value to the investment decision-making process.
In our review of the literature, we neither came across any research that has utilized
an actual trading platform in testing, nor one that has been conducted on the Egyptian
stock market.
The purpose of this thesis paper was to investigate the value of technical
analysis in the investment decision-making process through a comparison of
profitability between technical analysis systems and a passive buy-and-hold strategy.
Our empirical testing utilizes a set of 10 popular technical trading systems and data
from the Egyptian stock market. We ran a total of 220 simulations using MetaStock
(one of the most popular trading platforms worldwide) as our trading platform, half of
which were during an in-sample period where we optimize our systems’ parameters
and the other half was during an out-of-sample period where we test our optimal
parameters. Each system was tested on daily data of the EGX30 index, which is
considered the main benchmark of the Egyptian stock market, and for robustness we
re-test each system across a sample of 10 out of the 30 stocks that comprise the index.
We found strong evidence of economically significant out-of-sample excess returns
for the EGX30 index as well as for the 10 stocks over the period 7/2/2006–
12/31/2014. On average our set of technical analysis systems did substantially
outperform the passive buy-and-hold strategy.
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CHAPTER
I. INTRODUCTION
A. Technical Analysis and Research Significance
The usefulness of Technical Analysis in the investment decision-making
process is quite controversial. However, top financial institutions worldwide
(investment banks, asset management companies, hedge funds, etc.) have specialized
technical analysts on the job providing their expertise to help with the investment
decision-making process. Not to mention, the bulk of individual investors whether
professionals or amateurs that are partially or totally basing their investment decisions
on technical analysis. But does technical analysis lead to profitable buy and sell
decisions? That is a tough and important question to answer.
The purpose of this thesis paper was to investigate the value of technical
analysis in the investment decision-making process through a comparison of
profitability between technical analysis systems and a passive buy-and-hold strategy.
There are two main contributions that this thesis has to offer to the body of literature
that has been conducted on the topic. The first was using MetaStock professional as
an actual trading platform to perform the technical trading simulation which is a
trading platform of huge worldwide popularity. This real trading platform had made it
possible to add specific trading details, such as applying transaction costs and
managing deposits while the technical analysis systems are out of the market,
simulation details that are very hard to achieve while using a statistical software (ex:
Excel, E-views, etc.) or coding a platform from scratch (ex: Matlab, Visual Basic
C++, etc.). The second contribution was testing the technical analysis systems in a
new market that according to our review of the literature has not been tested before,
which is the Egyptian stock market, thus giving valuable information to the investing
community in that market.
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B. Overview of Technical Analysis
In this section we give a brief overview about technical analysis, where we
give some historical background, then follow by an explanation of the main premises
that form the foundation technical analysis and sum up by giving some differences
between technical an fundamental analysis.
1. History of Technical Analysis
Technical Analysis (TA) dates back to older than most of us might think.
According to Edwards and Magee’s (1997) book titled “Technical Analysis of Stock
Trends”, which most financial technicians refer to as the TA’s Bible, the first attempt
at technical analysis took place in 1884. At that time Charles H. Dow, the founder of
the Wall Street Journal, established what was known as the Dow theory. This theory
was based upon making an average of the daily closing prices of 11 important stocks
and recording fluctuations in that average. Dow believed that the judgment of the
investing public, as reflected in the movements of stock prices, represented an
evaluation of the future probabilities affecting the various industries. The reason
behind this theory was that the price of a security, as determined by a free competitive
market, represented the composite knowledge and appraisal of all interested parties.
Thus, Dow felt that his method of evaluation was probably the shrewdest, since it
integrated all known facts, estimates, hopes and fears of all who are interested.
Afterwards, a lot of researchers much-used the Dow theory.
During the 1920s and the 1930s, Richard W. Schabacker, a financial editor at
Forbes Magazine, started to further research the idea of technical analysis and was
able to discover new technical indicators that were not visible to Dow theorists.
Towards the end of his life Schabacker was joined in research buy his brother-in-law
Robert D. Edwards, who carried the research further after his death. John Magee, an
alumnus of the Massachusetts Institute of Technology (MIT), afterwards joined
Edwards in work and together they retraced the work of previous researchers and
were able to state more precisely the premises on which technical analysis is built
(Edwards and Magee, 1996).
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2. Technical Analysis Definition and Premises
The term “technical,” in its application to the stock market, has come to have a
very special meaning, quite different from its ordinary dictionary definition. It refers
to the study of the action of the market itself as opposed to the study of the goods in
which the market deals. Technical Analysis is the science of recording, usually in
graphic form, the actual history of trading (price changes, volume of transactions,
etc.) in a certain stock or in “the Averages” and then deducing from that pictured
history the probable future trend (Edwards and Magee, 1996).
According to John Murphy (1999) in his book “Technical Analysis of
Financial Markets”, there are three main premises on which the technical approach is
based. The first premise, which is considered the corner stone of TA is that market
action discounts everything, this entails that a technical analyst believes that anything
that can possibly affect the price either fundamentally, politically, psychologically or
otherwise is actually reflected in the market price. The second premise is that prices
move in trends, the whole purpose of charting the market price action is to be able to
identify a trend and be able to trade in the right direction. The third is that history
repeats itself, thus patterns that have worked well in the past are assumed to continue
working well in the future. The idea behind this third premise is that the psychology
of the human rational investor tends not to change therefore there is a high probability
that past market action patterns be repeated in the future.
3. Technical vs. Fundamental Analysis
The basic difference between Technical Analysis (TA) and Fundamental
Analysis (FA) is that TA concentrates on the study of market action, while FA
focuses on the economic forces of supply and demand that cause prices to move
higher, lower or stay the same. Also, FA examines all of the relevant factors affecting
the price of a market in order to determine the intrinsic or the fair value of that
market. Both TA and FA approaches to forecasting attempt to solve the same
problem, that is, determine the direction of prices movement. While TA studies the
effect of market movement and believes that the effect is all what is needed to know,
FA studies the cause of market movement and always should answer the question
why did such movement occur. Most traders classify themselves as either technicians
or fundamentals, while in reality there is a lot of overlap, since many fundamentalists
3

have basic knowledge of chart analysis as well as most technicians have a passing
awareness of fundamentals.
C. Summarizing the Research
The results of Brock et al. (1992) were pivotal in giving statistical significance
to the profitability of technical analysis in the stock market. Some modern studies
counter the results found by Brock et al. and this have led to a controversy regarding
whether technical analysis does add value to the investment decision-making. Park
and Irwin (2007) exhaustedly examine previous research on the profitability of
technical analysis. Modern trading systems (Park & Irwin, 2007) have shown positive
results; however, many academics, according to Park and Irwin, are still skeptical of
acknowledging technical analysis as a means of profiting in the stock market. This
research used technical trading rules based upon previous empirical research, to
determine if technical analysis is able to produce positive trading profits in the
Egyptian stock market.
The remaining chapters of this thesis are organized as follows; Chapter 2
discusses the literature and background of this topic as we explored previous studies
for evidence of predictability and profitability of technical analysis. Chapter 3
discuses the methodology where we explain thoroughly our technical indicators and
how we design our empirical testing for the purpose of achieving accurate and fair
results. Chapter 4 is our data chapter where we give a background of the EGX30 as
well as explain our data sampling and collection procedure for our robustness check.
Chapter 5 is where we present our findings for each technical analysis system and
across all securities (the EGX30 and the 10 stocks of sample). Finally in Chapter 6 we
conclude our thesis and present ideas for future research.
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CHAPTER
II. LITERATURE REVIEW
This chapter is a compilation of all what we came across in research since the
year 1960 till 2014, a lot of credit has to be given to Park and Irwin (2007) for their
tremendous review of the literature that they have offered the academic community
on the topic of technical analysis. The chapter is organized as follows, we start by the
early empirical studies (1960–1987) just to see how the research on technical analysis
progressed through time, then we move to the Modern Studies (1988–2004) which are
the most influential studies that most recent papers are building on and finally we
move to recent studies (2005–2014) to check what results have researchers been
finding recently. We conclude our literature with a summary that explains why we
chose the moving average as a basis for all our technical analysis systems.
A. Early Studies (1960–1987)
According to Park and Irwin (2007), the earliest empirical studies on technical
analysis have investigated several trading systems; among them are filters, stop-loss
orders, moving averages, momentum oscillators and relative strength. We discuss
those various systems as well as early evidence on their profitability in this section.
A filter rule generates a buy (sell) signal when today’s closing price rises
(falls) by x% above (below) its most recent low (high). Thus all price movements
smaller than a specified filter size are filtered and the remaining movements are
examined. Stop-loss orders are exit triggers set to get an investor out of the market if
his/her losses exceed a certain pre-specified level. Moving averages are essentially
trend following devices that aim at identifying a trend at a specific lag (moving
average period) and when the price line crosses the moving average line thiss triggers
a buy/sell decision, an upward crossing means an uptrend thus a buy signal is
generated and vice versa. Momentum oscillators general use is to identify areas where
markets are overbought or oversold, the momentum is measured by continually taking
price differences for a preset time interval and this creates a momentum line where
the trader sets the overbought and oversold levels. Relative strength is a measure of
the price trend of a stock or other financial instrument compared to another stock,
instrument or industry. It is calculated by taking the price of one asset and dividing it
5

by another, and buy/sell decisions are based on specified ratios that determine if a
security is strong enough to buy or weak enough to sell.
Filter rules, were first to be introduced by Alexander (1961), and were very
popular at the time. Fama and Blume (1966) thoroughly tested Alexander’s filters
rules on daily closing prices of 30 individual securities in the Dow Jones Industrial
Average (DJIA) over 1956–1962. Across all 30 securities, only three small filter rules
(0.5%, 1.0% and 1.5%) generate higher annual mean returns on long positions than
those of the buy-and-hold strategy. Fama and Blume conclude that excess profits on
long transactions over the buy-and-hold strategy may be negative in practice if the
brokerage fees of specialists, the idle time of funds invested, operating expenses of
the filter rules, and clearing house fees are taken into account. Other studies (e.g. Van
Horne and Parker, 1967,1968; James, 1968; Jensen and Benington, 1970) on stock
markets also show that trading rules based on moving average or relative strength
systems are not profitable.
On the contrary, the majority of early technical trading studies on foreign
exchange markets and futures markets find substantial net profits. For example,
Leuthold (1972) applies six filter rules to live cattle futures contracts over 1965–1970
and finds that four of them are profitable after transaction costs. In particular, the 3%
filter rule generated an annual return of 115.8% during the sample period. Another
example, Sweeney (1986) investigates 10 foreign exchange rates using filter rules,
showing that long positions based on small filters (0.5%, 1% and 2%) generate a
positive risk-adjusted excess return across all 10 exchange rates even after adjustment
for transaction costs. Among the small filters, the 1% filter rule generated statistically
significant risk adjusted excess returns that average 3.0%–6.75% per year across
exchange rates during 1975–1980.
There were some limitations that were evident in most of the early studies,
starting with the small number of trading systems investigated typically one or two
systems at most and table 1 below categorizes a collection of early studies according
to the technical system used by each.
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Table 1. Technical Analysis Systems adopted by some Early Studies
Early Studies (1960-1987)
Trading
System

Channels

Filters

Stop-Loss
Orders

Moving
Average

Momentum
Oscillators

Relative
Strength

Sample Studies
Author

Year

Title

Donchian, R.D.

1960

High Finance in Copper

Irwin, S.H. &
Uhrig, J.W.

1984

Alexander, S.S.

1961

Alexander, S.S.

1964

Fama, E.F. &
Blume, M.E.

Journal

Do technical analysts have holes in
their shoes?
Price movements in speculative
markets: trends or random walks
Price movements in speculative
markets: trends or random walks No.2

Financial Analysts
Journal
Review of Research in
Futures Markets
Industrial Management
Review
Industrial Management
Review

1966

Filter rules and stock market trading

Journal of Business

Leuthold, R.M.

1972

Random walk and price trends: the live
cattle futures market

Journal of Finance

Sweeny, R.J.

1986

Beating the foreign exchange market

Journal of Finance

Houthakker, H.

1961

Gray, R.W. &
Nielsen, S.T.

1963

Cootner, P.H

1962

Systematic and random elements in
short-term price movements
Rediscovery of some fundamental price
behavior characteristics
Stock prices: random vs. systematic
changes
The random-walk theory: an empirical
test

American Economic
Review
Cleveland Econometric
Society
Industrial Management
Review
Financial Analysts
Journal
Financial Analysts
Journal
Journal of Financial and
Quantitative Analysis
Financial Analysts
Journal
Food Research Institute
Studies
Financial Analysts
Journal

Van Horne, J.C. &
Parker, G.G.C.
Van Horne, J.C. &
Parker, G.G.C.

1967
1968

James, F.E.

1968

Dale, C. &
Workman, R.

1980

Smidt, S.

1965a

Levy, R.A.

1967a

Levy, R.A.

1967b

Jensen, M.C. &
Benington, G.A.

1970

Technical trading rules: a comment
Monthly moving averages – an
effective investment tool?
The arc sine law and the treasury bill
futures market
A test of serial independence of price
changes in soybean futures
Random walks: reality or myth
Relative strength as a criterion for
investment selection
Random walks and technical theories:
some additional evidence

Journal of Finance
Journal of Finance

Thus, even if some studies demonstrate that technical trading rules do not
generate significant profits, it may be premature to dismiss technical trading
strategies. Although most early studies did not attempt to conduct any statistical tests
of significance, some studies have (James, 1968; Peterson and Leuthold, 1982;
Sweeney, 1986) measured statistical significance using Z- or t-tests under the
assumption that trading rule returns are normally distributed. The problem here is that
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applying such conventional statistical tests to trading rule returns is probably invalid
since the distribution of the returns under the null hypothesis of an efficient market is
not known (Taylor, 1985). Also in support of non-normality, Lukac and Brorsen
(1990) report that technical trading returns are positively skewed and leptokurtic and
thus argue that past applications of t-test to technical trading returns may be biased.
Moreover, the results of the early studies are often difficult to interpret because the
performance of trading rules is reported in terms of an average across all trading rules
or assets, rather than best performing rules or individual securities. For example,
Fama and Blume (1966) rely on average returns across all filters for a given stock or
across all stocks for a given filter. If they had evaluated the performance of the best
rules for each individual stock, it is possible they may have reached different
conclusions. Furthermore, the risk return relationship is often ignored, for example
while comparing risk trading rule and benchmark returns, it is necessary to make
explicit allowance for the difference of returns due to different degrees of risk. Only a
few early studies (Jensen and Benington, 1970; Cornell and Dietrich, 1978; Sweeney,
1986) incorporate risk into testing procedures. Not to mention, the possibility of data
snooping (selection) occurrence where as a number of trading rules are searched, the
best or the worst may be selected according to the researchers point of view or even
through pure luck, this could definitely lead to misleading results. To deal with data
snooping problems, Jensen (1967) proposes a validation procedure where the bestperforming trading model or models are identified in the first half of the sample
period, and then are validated on the rest of the sample period. Optimizing trading
rules is important because actual traders are likely to choose the best-performing rules
in advance. Only Jensen and Benington (1970) follow an optimization and out-ofsample validation procedure, and moreover, only a few early studies (Irwin and
Uhrig, 1984; Taylor, 1986) optimize trading rules.

8

B. Modern Studies (1988–2004)
Lukac et al. (1988) provided a more comprehensive point of view of technical
analysis than previous studies, thus his research is regarded as the beginning of the
modern studies (Park and Irwin, 2007). Although modern studies have improved on
the limitations of early studies in terms of testing procedures, there are still
considerable differences with regard to treatment of transaction costs, risk, parameter
optimization, out-of-sample tests, statistical tests, and data snooping. Thus, modern
studies are categorized into seven groups on the basis of differences in their testing
procedures. Table 2 below provides general information about each group. ‘Standard’
refers to studies that include parameter optimization and out-of-sample tests,
adjustment for transaction costs and risk, and statistical tests. ‘Model-based bootstrap’
represents studies that conduct statistical tests for trading returns using the modelbased bootstrap approach introduced by Brock et al. (1992). ‘Reality check’ and
‘genetic programming’ indicate studies that attempt to solve data snooping problems
using White’s (2000) bootstrap reality check methodology and the genetic
programming technique introduced by Koza (1992), respectively. ‘Non-linear’
indicates studies that apply non-linear methods such as feed-forward neural networks
or nearest neighbor regressions to recognize patterns in prices or estimate the
profitability of technical trading rules. ‘Chart patterns’ refers to studies that develop
and apply recognition algorithms for chart patterns. Finally, ‘other’ refers to studies
that do not fit neatly in any of the previous categories (Park and Irwin, 2007).
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Table 2. Categories of Modern Studies

1. Standard Studies
In these studies, technical trading rules are optimized based on a specific
criterion and out-of-sample verification is implemented for the optimal trading rules.
The parameter optimization and out-of-sample verification are considered significant
improvements over early studies. The reason behind such consideration is that they
bring the research closer to the actual traders behavior and may partially address data
snooping problems (Jensen, 1967; Taylor, 1986). Also, standard studies incorporate
transaction costs and risk into testing procedures and conduct conventional statistical
tests of significance on trading returns.
Starting with Lukac et al.’s (1988) work, which can be regarded as a
representative of the standard studies. In this paper 12 technical trading systems were
simulated on the prices of 12 agricultural, metal and financial futures markets over the
period 1975–1984. Technical trading is simulated using a 3-year re-optimization
method in which parameters generating the largest profit over the previous 3 years are
used for the next year’s trading, and repeating the process every year. This procedure
assures that optimal parameters are adaptive and that the simulation results are out-ofsample. Two-tailed t-tests are conducted to test the null hypothesis that gross returns
generated from technical trading are zero, while one-tailed t-tests are conducted to test
the statistical significance of net returns after transaction costs. Based on the
assumption that the capital asset pricing model (CAPM) holds, Jensen’s ∝ is used to
determine the significance of the risk adjusted returns. Lukac et al. found that four
trading systems, including the dual moving average crossover and channel systems,
yield statistically significant monthly portfolio net returns ranging from 1.89% to
2.78% after deducting transaction costs. Estimation results indicate that the same four
trading systems have statistically significant Jensen’s α intercepts. Thus, Lukac et al.
conclude that some futures markets are indeed inefficient during their sample period.
Lukac et al.’s (1988) testing procedure alleviates data snooping problems by
considering a diverse set of technical trading systems and conducting parameter
optimization and out-of-sample verification. However, their approach still has some
limitations. First, the set of trading systems may not completely avoid data snooping
biases if the selected systems reflect ‘popular’ systems known at the time of the study
to have been profitable. Second, conventional t-tests may have reduced power if the
return series are not normally distributed. Lukac and Brorsen (1990) find that
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individual market-level returns are in fact positively skewed and leptokurtic.
However, portfolio returns for technical trading systems are normally distributed.
Third, the CAPM may be an invalid pricing model for futures markets because the
assumptions of the CAPM are inconsistent with the structure of futures markets (e.g.
Stein, 1987). Using similar procedures to those in Lukac et al. (1988), Lukac and
Brorsen (1990) consider more trading systems and futures contracts and a longer
sample period. They find that 7 out of 23 trading systems generate statistically
significant positive net returns after adjustment for transaction costs. Among futures
contracts tested, exchange rate futures earn the highest returns, while livestock futures
have the lowest returns.
It is interesting to note that many studies in this category investigate foreign
exchange markets. Technical trading rules not only yield unlevered annual net returns
of 2%–10% for major foreign exchange futures contracts from the late 1970s to the
early 1990s (Taylor and Tari, 1989; Taylor, 1992, 1994; Silber, 1994; Szakmary and
Mathur, 1997), but also are profitable for some spot foreign exchange rates
(Menkhoff and Schlumberger, 1995; Lee and Mathur, 1996a, 1996b; Maillet and
Michel, 2000; Lee et al., 2001; Martin, 2001). However, profits of simple technical
trading rules in foreign exchange markets seem to gradually decrease over time.
Olson (2004) reports that risk-adjusted profits of moving average rules for a portfolio
of 18 foreign exchange rates decline from over 3% in the late 1970s and early 1980s
to near zero in the late 1990s. Taylor (2000) investigates a wide variety of US and UK
stock indices and individual stock prices, finding an average breakeven one-way
transaction cost of 0.35% per transaction across all data series. For the DJIA index, an
optimal trading rule (a 5/200 moving average rule) estimated over 1897–1968
produces a breakeven one-way transaction cost of 1.07% per transaction during 1968–
1988.
2. Model-based Bootstrap Studies
Model-based bootstrap studies rely on a bootstrap methodology, introduced by
Brock et al. (1992), to test statistical significance of trading profits. Brock et al.’s
study is considered one of the most influential in modern studies, due to the strongly
consistent findings and positive results about the trading rules, the use of a long price
history (90 years for the DJIA) and of course being the first to introduce the bootstrap
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methodology. Brock et al. applied this model-based bootstrap approach for the
purpose of overcoming the weakness of conventional t-tests when financial returns
have distributions known to be leptokurtic, autocorrelated, conditionally
heteroskedastic, and time varying. In this approach, returns conditional on buy (or
sell) signals from the original series are compared to conditional returns from
simulated return series generated by widely used models for stock prices. The popular
models adopted by Brock et al. include a random walk with drift, an autoregressive
process of order one (AR (1)), a generalized autoregressive conditional
heteroskedasticity in-mean model (GARCH-M) and an exponential GARCH
(EGARCH). The random walk model with a drift, basically is taking the returns
(logarithmic price changes) from the original series and then randomly resampling
them with replacement. For other models (AR (1), GARCH-M, EGARCH),
parameters are first estimated using ordinary least squares (OLS) or maximum
likelihood and then residuals are randomly re-sampled with replacement. In this
manner, 500 bootstrap samples of prices are generated for each null model and
technical trading rules are applied to each of the 500 bootstrap samples. It is important
to note that, if the serial dependence of the actual return series is not specified in the
null models or is highly complex, the model-based bootstrap method may provide
inconsistent estimates (Maddala and Li, 1996; Ruiz and Pascual, 2002).
Brock et al. (1992) applied two technical trading systems, a moving average
oscillator and a trading range break-out (resistance and support levels), to the DJIA
over 1897–1986. In their recognition of the potential for data snooping bias in
technical trading studies, they attempt to mitigate the problem by selecting technical
trading rules that were popular over a long time period, reporting results from all
trading strategies, utilizing a long data series, and emphasizing the robustness of
results across various non-overlapping sub-periods. Results indicate that buy (sell)
signals from the technical trading rules generate positive (negative) returns across all
26 rules and four sub-periods tested. Thus, all buy–sell differences are positive and
outperform the buy-and-hold strategy. For example, buy (sell) returns are all positive
(negative) for the variable-length moving average rules, with an annual return of 12%
(−7%). As a result, all buy–sell spreads are positive with an annual return of 19%,
which compares favorably with a buy-and-hold return of 5%. Moreover, buy signals
that generate higher average returns than sell signals have a lower standard deviation
than sell signals. This implies that technical trading returns cannot be explained by
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risk. Hence, Brock et al. (1992, p. 1758) conclude their study by writing, ‘...the
returns-generating process of stocks is probably more complicated than suggested by
the various studies using linear models. It is quite possible that technical rules pick up
some of the hidden patterns.’ Brock et al., however, report only gross returns of each
trading rule without adjustment for transaction costs, so their results are not sufficient
to prove that technical trading rules generate economic profits.
Bessembinder and Chan (1998) test the same trading rules as in Brock et al.
(1992) on dividend-adjusted DJIA data over 1926–1991. Incorporating dividends
tends to reduce returns on short sales and, in turn, may decrease technical trading
returns (Fama and Blume, 1966). In an attempt to avoid data snooping problems,
Bessembinder and Chan evaluate the profitability and statistical significance of
returns on portfolios of the trading rules as well as returns on individual trading rules.
For the full sample period, the average buy–sell difference across all rules is 4.4% per
year (break-even one-way transaction costs of 0.39% per transaction) with a bootstrap
p-value of zero. Non-synchronous trading with a 1-day lag reduces the difference to
3.2% (break-even one-way transaction costs of 0.29% per transaction) with a
significant bootstrap p-value of 0.002. However, break-even one-way transaction
costs decline over time, and for the most recent sub-period (1976–1991) total 0.22%
(without trade lag), less than estimated one-way transaction costs of 0.24%–0.26%.
Thus, it is unlikely that traders could have used Brock et al.’s trading rules to earn net
profits after transaction costs.
The results of the model-based bootstrap studies vary across markets and
sample periods. In general, technical trading rules are profitable even after transaction
costs for stock indices (spot or futures) in emerging markets (Bessembinder and Chan,
1995; Raj and Thurston, 1996; Ito, 1999; Ratner and Leal, 1999; Coutts and Cheung,
2000; Gunasekarage and Power, 2001), while profits for stock indices in developed
markets are negligible after transaction costs or have declined over time (Hudson et
al., 1996; Mills, 1997; Bessembinder and Chan, 1998; Ito, 1999; Day and Wang,
2002). For example, Ratner and Leal (1999) document that Brock et al.’s moving
average rules generate statistically significant net returns in four equity markets
(Mexico, Taiwan, Thailand and the Philippines) over the 1982– 1995 period. Mills
(1997) shows that mean daily returns from moving average rules applied to British
equity markets are insignificantly different from a buy-and-hold return over 1975–
1994. Returns are much higher than buy-and-hold returns for the 1935–1954 and
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1955–1974 periods. Levich and Thomas (1993), LeBaron (1999), Neely (2002) and
Saacke (2002) all report substantial profit of moving average rules in foreign
exchange markets. For example, LeBaron (1999) finds that a 150- day moving
average rule generates Sharpe ratios of 0.60–0.98 after transaction costs of 0.1% per
round-trip in mark and yen markets during 1979–1992. The reported Sharpe ratios are
much greater than those for buy-and-hold strategies on aggregate US stock portfolios
(0.3–0.4).
3. Reality Check Studies
Reality check studies use White’s (2000) bootstrap reality check methodology
to assess data snooping bias associated with an ‘in-sample’ search for profitable
trading rules. White’s statistical procedure can directly quantify the effect of data
snooping by evaluating the performance of the best trading rule in the context of the
full ‘universe’ of rules. The best trading rule is found by searching over the full set of
trading rules and selecting the rule that maximizes a pre-determined performance
criterion (e.g. mean net return). The p-value for the best trading rule is found by
simulating the asymptotic distribution of the maximum of the performance measure
across the full universe of trading rules. A reality check p-value for the best trading
rule can be considered a ‘data-snooping-adjusted’ p-value.
Sullivan et al. (1999) applied the bootstrap reality check methodology to the
DJIA over 1897–1996. They adopt the same sample period (1897–1986) studied by
Brock et al. (1992) for in-sample tests and examine an additional 10 years from 1987
to 1996 for out-of-sample tests. S&P 500 index futures from 1984 to 1996 are also
used to test the performance of trading rules. For the full set of technical trading rules,
Sullivan et al. consider about 8000 trading rules drawn from five technical trading
systems: filters, moving averages, support and resistance, channel break-outs and onbalance volume averages. Two performance measures are employed, mean return and
Sharpe ratio. Zero mean profit and the risk-free interest rate are selected as
benchmarks.
Results indicate that the best rule (a 5-day moving average rule) over 1897–
1996 generates an annual mean return of 17.2% (a break-even transaction cost of
0.27% per trade). The bootstrap reality check p-value is zero, which indicates that the
mean return is not the result of data snooping. Among the 26 trading rules examined
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by Brock et al. (1992), the best rule (50-day variable moving average rule with a 1%
band) for the same sample period generates an annual mean return of 9.4% and a
bootstrap reality check p-value of zero that suggests that their findings are have no
data snooping biases. Out-of-sample results are disappointing, since over the 10-year
out-of-sample period (1987–1996), the best rule (a 5-day moving average rule) from
the full universe over 1897–1986 generates a mean return of only 2.8% per year with
a nominal p-value of 0.32, indicating that the best rule does not continue to generate
an economically and statistically significant return in the subsequent period. The best
rule for the S&P 500 futures index over 1984–1996 generates a mean return of 9.4%
per year and a bootstrap reality check p-value of 0.91, suggesting that the return is a
result of data snooping. The poor out-of-sample performance of technical trading
rules relative to in-sample performance led Sullivan et al. to conclude that the
efficiency of stock markets had improved in recent years. Qi and Wu (2002) also
apply White’s (2000) methodology to seven foreign exchange rates during 1973–1998
and find that technical trading rules generate substantial profits (7.2%–12.2%) in five
of the seven markets even after adjustment for transaction costs and systematic risk.
One issue with White’s bootstrap methodology is the difficulty of constructing
the full ‘universe’ of technical trading rules required by the methodology. Sullivan et
al. (1999) assume that rules from five technical trading systems represent the full set
of technical trading rules. However, there may be numerous different technical
trading systems not included in their full set of technical trading rules. If a set of
trading rules tested is a subset of an even larger universe of rules, White’s bootstrap
reality check methodology delivers a p-value biased toward zero under the
assumption that included rules in the universe performed relatively well during the
historical sample period. Another issue is that the null hypothesis in White’s bootstrap
methodology consists of multiple inequalities, which leads to a composite null
hypothesis. One of the complications of testing a composite hypothesis is that the
asymptotic distribution of the test statistic is not unique under the null hypothesis.
White solves this ambiguity in the null distribution by applying the least favorable
configuration (LFC), also known as the points least favorable to the alternative
hypothesis. However, Hansen (2003) shows that such an LFC-based test has
limitations because it does not ordinarily meet an ‘asymptotic similar condition’ that
is necessary for a test to be unbiased, and as a result, the test may be sensitive to the
inclusion of poor forecasting models. Simulation and empirical evidence in Hansen’s
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studies (2003, 2005) confirms that the inclusion of relatively few poor-performing
models can severely reduce rejection probabilities of White’s reality check test under
the null, causing the test to be less powerful under the alternative. In research on
technical trading systems, researchers generally search over a large number of
parameter values for each trading system because there is no theoretical guidance
with respect to the proper selection of parameters. If poor-performing trading rules are
included, tests based on White’s procedure may produce upward biased p-values.
4. Genetic Programming Studies
Genetic programming is a numerical optimization procedure based on the
Darwinian principle of survival of the fittest. In this procedure, a computer randomly
generates a set of potential solutions for a specific problem and then allows evolution
over many successive generations under a given fitness (performance) criterion.
Solution candidates that satisfy the fitness criterion are likely to reproduce, while ones
that fail to meet the criterion are likely to be replaced. When applied to technical
trading rules, the building blocks of genetic algorithms consist of various functions of
past prices, numerical and logical constants, and logical functions (Koza, 1992). The
traditional approach investigates a pre-determined parameter space of technical
trading systems, while the genetic programming approach examines a search space
composed of logical combinations of trading systems or rules. Thus, the fittest (or
locally optimized) rules identified by genetic programming can be viewed as ex ante
rules in the sense that their parameter values are not determined before the test. Since
the procedure helps researchers avoid some of the arbitrariness involved in selecting
parameters, it may reduce the risk of data snooping biases. Of course, potential bias
cannot be completely eliminated because the search domain, i.e. trading systems, is
still constrained to some degree in practice (Neely et al., 1997).
Allen and Karjalainen’s (1999) study is among the first to apply genetic
programming to test the profitability of technical trading rules. They investigate the
daily S&P 500 index from 1928 to 1995 with logical combinations of moving
averages and maxima and minima of past prices. To identify optimal trading rules,
100 independent trials are conducted by saving one rule from each trial. The fitness
criterion is the maximum excess return over a buy-and-hold strategy after accounting
for transaction costs. Excess returns are calculated only on long positions and using
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several alternative one-way transaction costs (0.1%, 0.25% and 0.5%). To avoid
potential data snooping in the selection of time periods, ten successive training
periods are employed. The 5-year training and 2-year selection periods begin in 1929
and are repeated every 5 years until 1974, with each out-of-sample test beginning in
1936, 1941 and so on, up to 1981. For example, the first training period is from 1929
to 1933, the selection period from 1934 to 1935, and the test period from 1936 to
1995. For each of the 10 training periods, 10 trials are executed. Out-of-sample results
indicate that trading rules optimized by genetic programming fail to generate
consistent excess returns over a simple buy-and-hold strategy after adjustment for
transaction costs. After considering transaction costs of 0.25%, average excess returns
are negative for nine of the 10 periods. Even after lowering transaction costs to
0.10%, average excess returns are negative for six out of the 10 periods. For most test
periods, only a few trading rules generate positive excess returns.
Ready (2002) compares the performance of technical trading rules formed by
genetic programming to Brock et al.’s (1992) moving average rules for dividendadjusted DJIA data. Brock et al.’s best trading rule (1/150 moving average without a
band) for the 1963–1986 period generates substantially higher excess returns than the
average of trading rules identified by genetic programming after transaction costs.
However, the moving average rule underperforms genetically optimized rules over
1957–1962. Thus, it seems unlikely that a hypothetical trader would have chosen
Brock et al.’s moving average rules at the end of 1962. Moreover, the genetically
optimized rules perform poorly for each out-of-sample period, i.e. 1963–1986 and
1987–2000. Ready (2002, p. 43) concludes that ‘...the apparent success (after
transaction costs) of the Brock et al.’s (1992) moving average rules is a spurious
result of data snooping’.
The results of other genetic programming studies are mixed. Wang (2000) and
Neely (2003) report that genetically optimized trading rules fail to outperform a buyand-hold strategy in both S&P 500 spot and futures markets. Neely (2003) shows that
genetic trading rules produce negative mean excess returns over a buy-and-hold
strategy during the entire out-of-sample period, 1936–1995. In contrast, Neely et al.
(1997) and Neely and Weller (1999, 2001) report successful performance of genetic
trading rules in foreign exchange markets, although trading profits appear to gradually
decline over time. Neely and Weller’s (2001) findings indicate that technical trading
profits net of transaction costs for four major foreign exchange rates (i.e. mark, yen,
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pound, Swiss franc) range from 1.7%–8.3% per year over 1981–1992, but are near
zero or negative, except for the yen, over 1993–1998. Using intra-day data for 1996
and realistic trading hours and transaction costs, Neely and Weller (2003) generate
break-even transaction costs of less than 0.02% for most major foreign exchange rates
using genetic trading rules. Roberts (2003) finds that genetic trading rules generate a
statistically significant mean net return (a daily mean return of $1.07 per contract) in
comparison to a buy-and-hold return (−$3.30) in wheat futures over 1978–1998. For
corn and soybean futures markets, however, genetic trading rules produce both
negative mean returns and negative ratios of profit to maximum drawdown. In sum,
technical trading rules formulated by genetic programming appear to be unprofitable
in stock markets, particularly in recent periods. In contrast, the rules perform better in
foreign exchange markets, but their performance may have decreased over time.
5. Non-linear Studies
The fact that a lot of popular linear models like Brock et al.’s fail to explain
the temporal dynamics of technical trading returns has created a motivation for nonlinear studies (Gençay and Stengos, 1997). Non-linear studies attempt to directly
measure the profitability or predictability of a trading rule derived from a non-linear
model, such as a feed-forward neural network or a nearest neighbor regression. These
studies typically incorporate lagged raw returns or past trading signals from a
technical trading rule into a non-linear model. Gençay (1998a) tests the profitability
of technical trading rules based on a feed-forward neural network using DJIA data for
1963–1988. Across six sub-periods, the trading rules generate annual net returns of
7%–35% and easily outperform a buy-and-hold strategy. Gençay (1998b, 1999)
investigates the non-linear predictability of asset returns further by incorporating past
trading signals from technical trading rules, i.e. moving average rules, or lagged
returns into a feed-forward neural network or nearest neighbor regression. Out-ofsample results in terms of correct sign predictions and mean square prediction error
indicate that, in general, both the feed-forward network model and the nearest
neighbor model provide substantial forecast improvement and outperform the random
walk model or GARCH (1, 1) model in both stock and foreign exchange markets. In
particular, non-linear models based on past buy and sell signals of moving average
rules provide more accurate predictions than those based on past returns.
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Fernandez-Rodriguez et al. (2000) apply a feed-forward neural network to the
Madrid Stock index, finding that a technical trading rule based on the feed-forward
network outperforms a buy-and-hold strategy before transaction costs. SosvillaRivero et al. (2002) also show that technical trading rules based on a nearest neighbor
regression earn net returns during 1982–1996 of 35% and 28% for the mark and yen,
respectively. They also demonstrate that eliminating US intervention days decreases
net returns substantially, to −10% and −28% for the mark and yen, respectively.
Fernandez-Rodriguez et al. (2003) find that trading rules based on the nearest
neighbor model are superior to moving average rules in European exchange markets
for 1978–1994. The non-linear trading rules generate statistically significant annual
net returns of 1.5%–20.1% for the Danish krona, French franc, Dutch guilder and
Italian lira. However, Hamm and Brorsen (2000) develop a neural-network trading
model for hard red winter wheat and mark futures and find unfavorable results. With
lagged prices as inputs to the neural network, they cannot reject the null hypothesis
that gross or net trading returns are less than or equal to zero.
Non-linear studies generally provide positive evidence about the usefulness of
technical trading rules in stock and foreign exchange markets. However, non-linear
studies have a similar problem to that of genetic programming studies. That is, as
suggested by Timmermann and Granger (2004), it may be inappropriate to apply a
non-linear approach developed in recent years to reveal the profitability of technical
trading rules in the 1970s or 1980s. Gençay and Stengos (1997) also show that simple
methods such as the one-step-ahead nearest neighbor estimator provide better
forecasts than more complex neural network models. Finally, neural network
solutions are not unique, which makes it difficult to replicate the results of previous
studies.
6. Chart Pattern Studies
Chart pattern studies test the profitability or forecasting ability of visual chart
patterns commonly used by technical analysts. Familiar chart patterns, with names
typically derived from their shapes in bar charts, are gaps, spikes, flags, pennants,
wedges, saucers, triangles, head-and-shoulders and various tops and bottoms. Chang
and Osler (1999) provide a rigorous study of chart patterns. They evaluate the
performance of head-and-shoulders patterns using daily spot rates for six foreign
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exchange markets (the mark, yen, pound, franc, Swiss franc and Canadian dollar)
during the floating rate period of 1973–1994. The head-and-shoulders pattern can be
described as a sequence of three peaks with the highest in the middle. The center peak
is referred to as ‘head’, the left and right peaks around the head as ‘shoulders’, and a
straight line connecting the troughs separating the head from right and left shoulders
is ‘the neckline’. Head-and-shoulders can occur both at peaks and at troughs, where
they are called ‘tops’ and ‘bottoms’, respectively. Chang and Osler (1999) formulate
an algorithm for head-and-shoulders identification and then establish a strategy for
entering and exiting positions based on such recognition. The entry position is taken
when price breaks the neckline; while the timing of exit is determined by stop-loss,
bounce possibility, or particular holding periods.
Chang and Osler find that head-and-shoulders rules generate statistically
significant returns of about 13% and 19% per year for the mark and yen, respectively,
but not for other exchange rates. The trading returns are substantially higher than
either the annual buy-and-hold returns or the annual average return (6.8%) on the
S&P 500 index over the sample period. Returns for the mark and yen also are
significantly greater than those derived from 10,000 simulated random walk bootstrap
samples and remain substantial even after subtracting transaction costs of 0.05% per
round- trip, incorporating interest differentials, and adjustment for risk. Trading
returns for the mark and yen also appear robust to changes in the parameters of the
head-and- shoulders recognition algorithm, changes in the sample period, and the
assumption that exchange rates follow a GARCH (1, 1) process rather than a random
walk. However, the observed performance of head-and-shoulders rules appears to be
easily dominated by the performance of moving average and momentum rules in
terms of total (accumulated) profits and Sharpe ratios. The simple technical trading
rules generate statistically significant and substantially larger returns than the headand- shoulders rules for all six foreign exchange rates.
Lo et al. (2000) evaluate the usefulness of 10 chart patterns in predicting stock
prices: the head-and-shoulders and inverse head-and-shoulders, broadening tops and
bottoms, triangle tops and bottoms, rectangle tops and bottoms, and double tops and
bottoms. For NYSE/AMEX stocks, goodness-of-fitness test results indicate that
relative frequencies of returns conditional on signals from five of the 10 chart patterns
are significantly different from relative frequencies of unconditional returns. In
contrast, all 10 patterns are statistically significant for Nasdaq stocks. Volume trends
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provide little incremental information for both stock markets. Lo et al. (2000, p. 1753)
conclude, ‘Although this does not necessarily imply that technical analysis can be
used to generate excess trading profits, it does raise the possibility that technical
analysis can add value to the investment process’. Dawson and Steeley (2003) apply
Lo et al.’s approach to UK stock data and show that ‘informativeness’ of chart
patterns does not necessarily lead to trading profits. They find that average marketadjusted returns are negative for the technical patterns, even though return
distributions conditional on chart pattern signals are significantly different from
unconditional distributions.
Caginalp and Laurent (1998) report that ‘candlestick’ reversal patterns
generate substantial profits in stock markets compared to a buy-and-hold strategy.
Specifically, down-to-up reversal patterns produce an average return of 0.9% during a
2-day holding period for S&P 500 stocks over 1992–1996. Leigh et al. (2002a,
2002b) find that bull flag patterns generate positive excess returns (before transaction
costs) for the NYSE Composite Index over a buy-and-hold strategy. However, Curcio
et al. (1997), Guillaume (2000) and Lucke (2003) all show limited evidence of the
profitability of technical patterns in foreign exchange markets, with trading profits
from the patterns declining over time (Guillaume, 2000). Overall, the results of chart
pattern studies vary depending on patterns, markets and sample periods tested, but
suggest that some chart patterns might be profitable in stock and foreign exchange
markets. Nevertheless, all studies in this category, except for Leigh et al. (2002a), do
not conduct parameter optimization and out-of-sample tests and do not address data
snooping problems.
7. Other Studies
Studies in this category do not fit neatly in any of the previous categories.
They are mostly similar to early studies, in that trading rules generally are not
optimized, out-of-sample verification typically is not undertaken, and data snooping
problems are ignored. For example, Neely (1997) tests the profitability of filter rules
and moving average rules on four major exchange rates (the mark, yen, pound sterling
and Swiss franc) over 1974–1997. The results indicate that trading rules yield positive
net returns in 38 of the 40 cases after deducting transaction costs of 0.05% per roundtrip. However, Neely argues that the apparent success of the technical trading rules
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did not necessarily violate market efficiency because of problems in testing
procedures, such as difficulty in obtaining actual prices and interest rates, the absence
of a proper measure of risk and data snooping.
Pruitt and White (1988) and Pruitt et al. (1992) document that a combination
system consisting of cumulative volume, relative strength and moving averages
(CRISMA) was profitable in stock markets. For example, Pruitt et al. (1992) report
that the CRISMA system outperforms a buy-and-hold strategy over 1986–1990.
Annual excess returns are estimated to be 1.0%–5.2% after transaction costs of 2%.
Sweeney (1988) and Corrado and Lee (1992) show that filter-based rules outperform
buy-and-hold strategies after transaction costs in stock markets. Irwin et al. (1997)
compare the performance of the channel ‘break-out’ trading system to ARIMA
models in soybean-complex futures markets. During the out-of-sample period (1984–
1988), channel systems generate statistically significant mean returns ranging from
5.1% to 26.6% and outperform trading strategies based on ARIMA model forecasts.
Overall, studies in this category indicate that technical trading rules perform
well in stock markets, foreign exchange markets and grain futures markets. As noted
above, however, these studies typically omit trading rule optimization and out-ofsample verification and do not address data snooping problems.
To sum up the modern studies section, let us state some statistics followed by
table 3, which summarizes the modern studies according to Park and Irwin’s (2007)
review. ‘Among a total of 95 modern studies, 56 studies find positive results
regarding technical trading strategies, 20 studies obtain negative results, and 19
studies indicate mixed results. Despite the positive evidence on the profitability of
technical trading strategies, most empirical studies are subject to various problems in
their testing procedures, e.g. data snooping, ex post selection of trading rules or search
technologies, and difficulties in estimation of risk and transaction costs. Future
research must address these deficiencies in testing in order to provide conclusive
evidence on the profitability of technical trading strategies.’ (Park and Irwin, 2007).
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Table 3. Summary of Modern Studies

Studies

Number of Studies
Positive Mixed Negative

Profit
Range

Comments

A. Stock markets
Standard

2

2

2

7

4

3

0

1

1

Genetic programming

2

1

3

Non-linear

3

2

0

Chart patterns

4

1

1

Others

8

1

0

Sub-total

26

12

10

Model-based
bootstrap
Reality check

1. For the DJIA, the most frequently
tested series in the literature, results vary
depending on the adopted testing
procedure. In general, technical trading
was considered profitable up to 1990.
4%–17%
(1897–1998)

2. Overall, variable moving average rules
show the most reliable performance for
the stock market over time.
3. For several non-US stock markets (e.g.
Mexico, Taiwan and Thailand), moving
average rules generate substantial annual
net profits of 10% to 30% until the mid
1990s.

B. Foreign exchange markets
Standard

8

2

3

Model-based
bootstrap

4

2

1

Reality check

1

0

0

Genetic programming

3

0

1

Non-linear

3

0

0

Chart patterns

2

1

2

Others

3

1

1

Sub-total

24

6

8

1. For major currencies, a wide variety of
technical trading strategies, such as
moving averages, channels, filters and
genetically formulated trading rules,
consistently generate economic profits
until the early 1990s.
5%–10%
(1976–1991)
2. Several recent studies confirm the
result, but also report that technical
trading profits have declined or
disappeared since the early 1990s, except
for the yen market.

C. Futures markets
Standard

5	
  

0

0	
  

Genetic programming

0	
  

1	
  

0	
  

Non-linear

0	
  

0	
  

1	
  

Others

1	
  

0	
  

1	
  

Sub-total

6

1

2

	
  

	
  	
  

	
  	
  

	
  	
  

	
  

	
  	
  

	
  	
  

	
  	
  

	
  
Total

	
  	
  

	
  	
  

	
  	
  

56
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4%–6%
(1976–1986)

1. Technical trading strategies generate
economic profits in futures markets from
the late 1970s through the mid-1980s. In
particular, technical trading strategies are
consistently profitable in most currency
futures markets, while they appear to be
unprofitable in live stock futures markets.
2. Moving average and channel rules are
the most consistently profitable strategies.
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C. Recent Studies (2005–2014)
Cheung et al. (2009), investigate the profitability of two simple, but very
popular trading rules, the Simple Moving Average (SMA) and the Trading Range
Break-out (TRB). They look over a series of data from the Hang Seng Index (HIS),
which is a value weighted index composed of 33 actively traded stocks. The HSI
reflects a broad industrial base and represents more than 70% of the market value of
the Hong Kong stock exchange. The SMA trading rules are further divided into
Variable Length Moving Average (VMA) rules and Fixed Length Moving Average
(FMA) rules. For the VMA rules, buy (sell) signals are generated when the short-term
moving average exceeds (falls below) the long-term moving average by a prespecified percentage band. If it is inside the bandwidth, no signal will be generated. If
the band is 0%, the VMA rules classify every day into either a buy or sell day. The
use of bandwidth is to avoid the emission of false signals when the short-term and
long-term moving averages are close to each other.
The FMA rules use the same set of rules as VMA rules to generate buy (sell)
signals. However, the FMA rules further assume that returns should be different for a
few days after the signals are generated. Thus, if signals are generated, the FMA rules
require investors to stay in the same position (i.e. either buy or sell) for a fixed
number of days, 10 days in this study. Other signals generated during this 10-day
period are ignored. When the 10-day period passes, the FMA rules start to react to
new signals. For each of the VMA and FMA rule groups, this study evaluates the five
variations of the rules, (1, 50), (1, 150), (1, 200), (2, 200) and (5, 150), where the first
number in the parentheses denotes the number of days for the short-term moving
average and the second number denotes the number of days for the long-term moving
average. In addition, each rule is evaluated with the bands of 0, 1, 2 and 3%, making
for 20 individual rules in total for each rule group.
In general, their results show that there is one trading rule, the (1,50) rule,
which outperforms the market (HSI) over the 35 years of the testing period and in the
pre-1986 sub-periods of their study. The out of sample average buy and sell returns
for zero bandwidth on VMA strategy are 0.14 and -0.07% (35 and -17.5% annually),
respectively before transaction costs. The buy (sell) returns are significantly higher
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(lower) than the unconditional mean daily return of 16.20% per year. The 10-day
FMA strategy produces a lower average return but still higher than the benchmark.
The average bandwidth zero buy and sell FMA out of sample test returns are 0.14 and
-0.05 (35% and -12.5% annually), respectively and are statistically different (higher
or lower) than the benchmark return. These returns are also higher than the returns
found in the US (Brock et al., 1992) and Hong Kong (Bessembinder and Chan, 1995)
markets. In addition, the VMA (1,50) rule performs better than the FMA (1,50) rule
because it includes the information of the first 9 days into investors’ decisions. With
the flexibility of buy or sell within the first 9 days, the VMA (1,50) rule can generate
2.5 to 5% (annual) more profit than the FMA rule before transaction costs. However,
the returns of the TRB rules are all small and insignificant.
Cheung et al. (2009) provide two robustness tests for the observation that
trading strategies generate high abnormal average returns in the early two pre-1986
sub-periods. First, the autocorrelation in the market can partially explain the high
trading returns, but the magnitude is so small that it can only explain a small fraction
of it. Second, transaction costs can reduce the high trading returns but, again, the
reduction is very small. Finally, they find that the high abnormal average returns
disappear in the post-1986 sub-periods. Cheung et al. conclude that it is mainly due to
the consequence of stock market integration, which eventually leads to a more
efficient dissemination of information, thus causing the stock market to become more
and more efficient after 1986.
Kung and Wong (2009) also reach some what similar results in their study
titled “Profitability of Technical Analysis in the Singapore Stock Market: before and
after the Asian Financial Crisis”. In their study Kung and Wong investigate whether
the series of reform and liberalization measures that were implemented after the Asian
financial crisis have led to less profitability for investors who employed technical
rules for trading stocks. To implement their testing they use three simple but popular
trading rules, the simple moving average, the dual moving average and the trading
range breakout to asses the profitability of technical analysis in the Singapore stock
market. The data used was the Straits Times Index closing prices, to gauge the
progress of the reform measures they partition the data into a sample of two nine year
samples from 1988 to 1997 before the crisis and from 1998 to 2007 leaving the actual
crisis year out (1997-1998).
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For the 10 simple moving average rules, the average annual return for 19881997 is 0.0887 if trading costs are excluded and 0.0782 if they are included, and that
for 1998-2007 is 0.0866 if trading costs are excluded and 0.0772 if they are included.
For the 10 dual moving average rules, the average annual return for 1988-1997 is
0.0843 if trading costs are excluded and 0.0741if they are included, and that for the
1998-2007 is 0.0874 if trading costs are excluded and 0.0782 if they are included. For
the 10 trading range break out rules, the average annual return for 1988-1997 is
0.0947 if trading costs are excluded and 0.0858 if they are included, and that for
1998-2007 is 0.0882 if trading costs are excluded and 0.0801 if they are included.
In Kung and Wong’s study, it appears that there are no significant differences
in the average annual return between the two sub-periods. However, using the annual
returns for the buy-and-hold (BH) strategy, they find that the three rules generally
perform better than the BH strategy for 1998-1997, but they perform no better on the
average than the BH strategy in the period 1998-2007. Thus the study concludes by
stating that their findings suggest tat the efficiency of the Singapore stock market has
been considerably enhanced by the measures implemented after the crisis.
Milionis and Papanagiotou (2011) tested only the Moving Average (MA)
trading rule taking into account the variability of the performance of the MA trading
rule by considering jointly the rule’s cumulative returns using MAs at all lengths. The
data used in this study are the daily closing prices of the Standard and Poor-500 Index
(SP) of New York Stock Exchange (NYSE), the General index (GEN) of the Athens
Stock Exchange (ASE) and the Austrian Traded Index (ATX) index of the Vienna
Stock Exchange (VSE) for the period 27 April 1993 to 27 April 2005. As in Milionis
and Papanagiotou (2009), the whole time period was subdivided into three subperiods each of 4 years long (1993 to 1997, 1997 to 2001, 2001 to 2005).
The most important of the conclusions and findings are as follows: for the
cases where changes in the performance of the MA trading rule as a function of the
MA length can be assumed to occur around a mean level it was shown that, without
transaction costs, the cumulative returns from the trading rules for the ASE and the
VSE were significantly higher than the corresponding buy and hold return on some
occasions; hence, the hypothesis of weak-form efficiency is rejected. However, the
cumulative returns from the trading rule for the NYSE were found to be significantly
lower than buy and hold return, so the weak-form efficiency hypothesis is not
rejected. When transaction costs were considered, for the ASE, it was found that on
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some occasions the cumulative returns from the trading rule were still significantly
higher than the corresponding buy and hold return, while on other occasions they did
not differ significantly. The cumulative returns from the trading rule on the VSE did
not differ significantly from the corresponding buy and hold return. By contrast, for
the NYSE, if an investor used the trading rule in the presence of transaction costs
she/he would lose a substantial part of her/his initial capital even though the buy and
hold return was positive.
Hence, this study provides evidence for the existence of predictive power in
the MA trading rule if applied to NYSE for the time period 1993 to 2005. At the same
time, however, the NYSE is found to behave differently from both the ASE and the
VSE in terms of the predictive performance of the MA trading rule. The ASE and the
VSE show similar behavior in the no transaction cost scenario, while in the presence
of transaction costs an investor can still ‘beat the market’ on the ASE, but not on the
VSE. More particularly, for the ASE, the findings of this study indicate that the sharp
increase and decline of share prices around mid-1999 was possibly of a speculative
nature.
Robinson (2013) in his study aimed at investigating the discrepant results of
predictability from various types of technical analysis tools utilizing recent stock
market data from the Dow Jones Industrial Average (DJIA) 1987 to 2009 to verify
that these tools still produce positive trading results. He replicated the original Brock
et al. (1992) trading as well as bootstrap methodology on current market data. The
model examined the Variable Moving Average (VMA), the Fixed Moving Average
(FMA) and the Trading Range Break (TRB) and a bootstrap methodology was used to
collect and construct statistical significance tests on the data.
The findings of this study revealed that consistent positive returns are not
possible utilizing the simple technical analysis moving averages. Each one of the 26
moving average tests produced negative returns over the time period 1987-2009. The
t-test for each confirmed the significance of these findings at the 0.05% level.
However, The buy-and-hold strategy proposed by Fama (1970) would have produced
a return of 0.0796% per day over the time period of this study 1987-2009. Two of the
three trading systems tested in this study, the VMA daily return of 0.238% and the
FMA daily return of 0.449%, significantly outperformed the buy-and-hold strategy.
Even though the DJIA moved up 441% over the 22-year period from 1987-2009, the
returns from utilizing the VMA trading strategy would have been 1319% while the
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FMA trading strategy would have returned an unparalleled 2489%. Even the TRB
trading strategy would have produced positive returns of 261%, albeit not as good as
the buy-and-hold strategy championed by most efficient market enthusiasts.
Pätäri and Vilska (2014) examined the profitability of the dual moving
average crossover (DMAC) trading strategies in the Finnish stock market over the
period 1996 to 2012. They contribute to the literature in giving a comparison between
the performances of DMAC trading portfolios of individual stocks to the performance
of index trading strategies based on trading an index that consists of the same stocks.
Analysis of DMAC strategies based on a trading portfolio of individual stocks uses
dividend- and split-adjusted closing prices of the stocks included in the OMXH25,
which is a capitalization-weighted stock price index of the 25 most traded stocks
listed on the OMX Helsinki. Results show that most of the active DMAC strategies
examined have outperformed the corresponding passive B and H strategies.
Ko et al. (2014) argue that a sophisticated investor can do better (obtain higher
returns) than a simple buy-and-hold strategy by timing the market with the help of
some technical analysis. Specifically, they show that an application of a moving
average timing strategy to portfolios sorted by book-to-market (BM) ratios could
generate higher returns than the buy-and-hold strategy. The sample consists of daily
returns and firm characteristics of all common stocks listed on the Taiwan Stock
Exchange (TWSE) from July 1982 to December 2010.
Ko et al.’s strategy suggests a buying signal when the index price of the
highest BM portfolio is higher than its MA indicator, and a short-selling signal when
the index price of the lowest BM portfolio is lower than its MA indicator. Under such
construction, they show that the new strategy yields significantly positive return, and
provides higher returns than the standard buy-and-hold strategy in Taiwan. The
abnormal return is both economically and statistically significant.
In this section of recent studies, we were trying to see if recent researchers in
several markets were still finding positive results of technical analysis profitability in
various markets, below is table 4, which summarizes the recent studies literature to
ease the comparison of results and performances across several markets and show that
technical analysis is still adding value according to recent literature.
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Table 4. Summary of Recent Studies

D. Literature Summary
According to our review of the literature we can see that nearly all the modern
and recent studies have either used moving averages either alone or in addition to
other tools to judge the profitability of technical analysis in their markets. Also it is
clear that in all of these papers that have found positive or mixed results the moving
average tool was always one of the best performers. Also we have not found any
studies that have simulated their trading systems on a real market trading software or
any that has researched the Egyptian stock market and thus our research does
contribute to the literature on these two matters.
Examples of such research from the modern studies period are Lukac et al.
(1988) who found that four trading systems, including the dual moving average
crossover and channel systems, yield statistically significant monthly portfolio net
returns ranging from 1.89% to 2.78% after deducting transaction costs. Also, Brock
et al. (1992) applied two technical trading systems, a moving average oscillator and a
trading range break-out (resistance and support levels), to the DJIA over 1897–1986
and results indicate that buy (sell) signals from the technical trading rules generate
positive (negative) returns across all 26 rules and four sub-periods tested.
Furthermore, Sullivan et al. (1999) applied the bootstrap reality check methodology to
the DJIA over 1897–1996 and his results indicate that the best rule (a 5-day moving
average rule) over 1897–1996 generates an annual mean return of 17.2%.
Also for examples from the recent studies, Cheung et al. (2009) investigated
the profitability of the Simple Moving Average (SMA) and the Trading Range Breakout (TRB), where results showed that there is one trading rule, the (1,50) rule, which
outperforms the market (HSI) over the 35 years of the testing period and in the pre1986 sub-periods of their study. Also, Robinson (2013) in his study, utilizing recent
stock market data from the Dow Jones Industrial Average (DJIA) 1987 to 2009,
verified that these tools still produce positive trading results. When he showed that
two of the three trading systems tested in this study, the VMA daily return of 0.238%
and the FMA daily return of 0.449%, significantly outperformed the buy-and-hold
strategy. Furthermore, Pätäri and Vilska (2014) examined the profitability of the dual
moving average crossover (DMAC) trading strategies in the Finnish stock market and
their results show that most of the active DMAC strategies examined have
outperformed the corresponding passive B and H strategies.
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CHAPTER
III. METHODOLOGY
In this chapter we present the types of technical analysis systems that we use
in testing and the reasoning behind choosing them, as well as giving an explanation of
the our chosen systems and how are they calculated. Also, we introduce the software
platform (MetaStock) used in testing and its significance and in addition summarize
the trading triggers processing.
A. Technical Indicators
Backed up by our review of the literature, we use a set of 10 popular technical
trading systems that are either moving averages or based on combinations of moving
averages, to test the profitability of technical analysis in the Egyptian Stock Market.
These systems can be sorted into three main categories, moving averages, price
oscillators and the adaptive moving average.
1. Moving Averages
The moving average is undoubtedly one of the most versatile and widely used
of all technical indicators and the ease of its measurement, as well as, the clear trade
signaling it offers sets it as a base for many mechanical trend-following systems. The
single moving averages whether simple, weighted or exponential produce their trade
signaling when crossed by the actual price line (crossing to the upside means a buy
signal, while a downside crossing means a sell signal). In figure1 below, two trade
signals can be observed the first is a sell signal that is triggered when the price line of
Intel Corp crossed above the 50 day moving average and another buy signal that is
triggered by the price line when it crossed above the 50 day moving average (Murphy,
1999).
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Figure 1. Moving Average Trading Signals

i. The Simple Moving Average
The Simple moving average (SMA), or the arithmetic mean, is the type used
by most technical analysts, however it’s usefulness is some times criticized on two
matters. The first is that only the period covered by the average is taken into account,
and the second is giving equal weights to the past observations in the covered
period. An example of a simple equally weighted running mean for an n-day sample
of closing price is the mean of the previous n days' closing prices. If those prices are
P! , P!!! , …, P!!(!!!) , where M denotes the last day in the moving average days’
range then the formula of the n-day is

𝑆𝑀𝐴! =   

P! +    P!!! + ⋯ +    P!!(!!!)   
𝑛

ii. The Linearly Weighted Moving Average
The Linearly Weighted Moving Average (WMA) attempts to solve the
weighting problem by assigning greater weights to more recent observations.
However, the WMA does not address the problem of including only the observations
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that are covered by the length of the average. In an n-day WMA the latest day (M) has
weight n, the second latest n − 1, etc., down to one.

𝑊𝑀𝐴! =   

nP! +    (n − 1)P!!! + ⋯ +    2P!! !!! + P!!(!!!)   
𝑛 + 𝑛 − 1 + ⋯+ 2 + 1

iii. The Exponentially Weighted Moving Average
The Exponentially Weighted Moving Average (EMA) addresses both of the
problems associated with the SMA. As it assigns greater weights to the more recent
data, and in addition while assigning lesser importance to the past price data, it
includes all of the past observations. Not to mention, that the user is also able to
adjust the weighting to give greater or lesser weight to the most recent observation.
Here is the formulation of the EMA according to Hunter (1986), but with only a
change in the chosen symbols for the parameters to make it closer to our related use
for the equation.

P! +    (1 − α)P!!! +    (1 − α)! P!!! + (1 − α)! P!!! + ⋯  
𝐸𝑀𝐴! =   
1 + 1 − 𝛼 + (1 − α)! + (1 − α)! + ⋯
The equation is an infinite sum with decreasing terms and the coefficient α represents
the degree of weighting decrease, a constant smoothing factor between 0 and 1. A
higher α discounts older observations faster. Each time results in the following power
series, showing how the weighting factor on each datum point p1, p2, etc., decreases
exponentially. The N periods in an N-day EMA only specify the α factor. N is not a
stopping point for the calculation in the way it is in an SMA or WMA. A commonly
used value for α = 2 n + 1 in the formula for the weight of n terms. This value
for α comes from setting the average age of the data from a SMA equal to the average
age of the data from an EMA and solving for α. If you make this substitution, and you
! !

make use of, lim!→! 1 + !

= e!

Then for sufficiently large n, the first n datum points in an EMA represent about 86%
of the total weight in the calculation.
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2. Price Oscillators
The Price Oscillator displays the difference between two moving averages of a
security’s price. The difference between the moving averages can be expressed in
either points or percentages. Under Price Oscillators we have two sub-categories in
terms of trade trigger processing.
i. The Zero or Mid-line Crossing
We refer to this type of signal processing as system one (S1), where the price
oscillator is basically identical to a Dual Moving Average Crossover (DMAC)
technique in which the oscillator values result from the difference between a shorter
and a longer-term average. Under this category buy signals occur when the short-term
moving average rises above the longer-term moving average, while sell signals are
generated when a shorter-term moving average falls below a longer-term moving
average. In figure 2 below you can see the histogram representing the oscillator that is
a result of the difference between the 9 and the 18 day moving average, and the 5
arrows representing the trading signals are crossing the zero or the mid-line of the
oscillator at the crossings between the fast and the slow moving averages (Murphy,
1999).
Figure 2. DMAC Trading Signals
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Under the Zero or Mid-line crossing (S1) we have three systems, the Simple Price
Oscillator (SPO_S1), the Weighted Price Oscillator (WPO_S2) and the Exponential
Price Oscillator (EPO_S1). These three systems all have the same trade triggering
technique, but differ in the type of fast and slow moving averages that create the
buy/sell signaling.
ii. The Signal-line Crossing
In this type of signal processing, which we refer to as system two (S2), the
Price Oscillator is almost identical to the Moving Average Convergence Divergence
(MACD), except that the Price Oscillator can use any two user-specified moving
averages. The MACD, introduced by Gerald Appel, is composed of two exponentially
smoothed moving averages usually a 12 and a 26 day moving averages, where the
difference between them makes the MACD line and along with a 9-day moving
average of that MACD line which is referred to as the signal line. In the MACD a buy
signal is triggered when the faster MACD line crosses above the slower signal line
and vice versa with the sell signal. Below is figure 3 where you can see how the faster
MACD line crosses the slower signal line giving five trading signals shown by the
small arrows that appear on this chart of the Nasdaq Composite Index (Murphy, 1999)
Figure 3. MACD Trading Signals
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The three systems we use under this category are also Simple, Weighted and
Exponential Price oscillators (SPO_S2, WPO_S2 and EPO_S2 respectively) each
system is comprised of two (a fast and a slow moving average) simple, weighted and
exponential moving averages and a signal line which is a 9 day moving average of the
difference between the fast and the slow moving averages.
3. The Adaptive Moving Average
A main problem that technical analysts encounter when it comes to moving
averages is choosing the number of periods or days associated with the average as a
small number of days or periods means a faster moving average with more crossings
and thus more signals and vice versa giving a slower moving average. While one may
work better in a trading range market, the other may be preferable in a trending
market. The answer to the problem of choice may lie with the Adaptive Moving
Average (AMA).
Perry Kaufman (1995) presents the AMA in his book “Smarter Trading”. The
speed of the AMA automatically adjusts to the level of volatility (noise) in the market.
Meaning that the AMA moves slower when markets are trending sideways and faster
when markets are trending up or down. The type of moving average that is used in an
adaptive moving is an exponential. The AMA system attempts to protect the user
from getting whipsawed from using a faster moving average in a trading range market
or using a slower average that trails too far behind a trending market.
Kaufman does that by constructing what he names as the Efficiency Ratio
(ER) that compares price direction with the level of volatility, to change the speed of
the moving average within a pre-specified range. When the ER is high, there is more
direction than volatility, this favors a faster average, conversely when the ER is low,
and this entails more volatility than direction, favoring a slower average.
To create the Adaptive Moving Average, it is first necessary to calculate an
Efficiency Ratio, and then convert that ratio to a trend speed (Kaufman, 1995).
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Step 1: Price Direction
Price direction is expressed as the net price change over time.
For example, using the time interval of n-days (or n-hours):
Direction = price - price [n]
Where direction is the current price difference between the current price (daily close
or hourly price) and the price [n] that is the close n-days ago (or n-periods ago)
Step 2: Volatility
Volatility is the amount of market "noise." It can be defined in a number of
different ways, but this calculation uses the sum of all the day-to-day or hour-to-hour
price changes (each taken as a positive number), over the same n periods. Therefore,
it is expressed as
Volatility = n ∑ (ABS (Close – Close [1]))
Step 3: Efficiency Ratio
These two components are combined to express the ratio of directional
movement to noise, called the Efficiency Ratio (ER),
ER = direction/volatility
By dividing the directionality by the noise, the ratio varies from 0 to 1. When the
market moves in the same direction for all n-days, then direction = volatility and ER =
1. If volatility increases for the same price move, volatility gets larger and the ratio
ER moves away from 1. If prices go nowhere, then direction = 0 and ER = 0.
This result is convenient as an exponential smoothing constant, which changes the
trend line by a percentage each day. ER = 1 is equivalent to 100 percent, the fastest
moving average, which should work because prices moved in one direction without a
retracement. When ER = 0, a very slow moving average is best to avoid getting false
signals while the market goes nowhere.
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Step 4: Transforming the Ratio into the Trend Speed
The ratio will be changed into a smoothing constant c, for use in an
exponential moving average. By using this formula, the trend speed can change each
day by simply changing the smoothing constant. It becomes adaptive. The formula for
this is
𝑒𝑥𝑝_𝑚𝑎   =   𝑒𝑥𝑝_𝑚𝑎[1]    +   𝑐  𝑥  (𝑝𝑟𝑖𝑐𝑒   −   𝑒𝑥𝑝_𝑚𝑎[1])  
Which shows that the exponential moving average gets closer to today's close by a
percentage, c, of yesterday's gap. The constant c relates closely to the number of days
in a standard moving average by the relationship 2/(n - 1), where n is the number of
days. Kaufman states that squaring the value of the smoothing constant improves the
results by virtually stopping the trend line from moving during a sideways market.
This process selects very slow trends during sideways markets, and speeds up to a
very fast trend (but not 100%) during highly trending periods.
The smoothing constant is then
𝐹𝑎𝑠𝑡𝑒𝑠𝑡   =   2/(𝑆   +   1)    =   2/(2   +   1)    =    .6667    
𝑆𝑙𝑜𝑤𝑒𝑠𝑡   =   2/(𝐿   +   1)    =   2/(30   +   1)    =    .0645    
𝑆𝑚𝑜𝑜𝑡ℎ   =   𝐸𝑅  𝑥  (𝑓𝑎𝑠𝑡𝑒𝑠𝑡   −   𝑠𝑙𝑜𝑤𝑒𝑠𝑡)    +   𝑠𝑙𝑜𝑤𝑒𝑠𝑡  
𝑐   =   𝑠𝑚𝑜𝑜𝑡ℎ  𝑥  𝑠𝑚𝑜𝑜𝑡ℎ  
Where S and L are the shortest and longest number of periods (days). Squaring
smooth forces the value of c toward zero. This means that slower moving averages
will be used more often than fast ones. That is the same as being more conservative
when you are uncertain.
𝐴𝑀𝐴   =   𝐴𝑀𝐴[1]    +   𝑐  𝑥  (𝑝𝑟𝑖𝑐𝑒   −   𝐴𝑀𝐴[1])  
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B. Design of Empirical Testing
In this sub-section we introduce MetaStock Professional, our software
package that is used to simulate the trading platform in which we program and test
our technical analysis systems, then we summarize our trading systems’ triggers and
then present the criteria adopted in the empirical testing.
1. MetaStock Professional
According to the MetaStock website, Steve Achelis started Equis International
in 1982. Heavily involved in investing at the time, Steve had a vision of making
people able to analyze their investments from the comfort of their personal computers
and from this vision, Equis and the MetaStock were born.
MetaStock was first released in late 1985. In its April 15, 1986 issue, PC
Magazine awarded The Technician and MetaStock an Editor's Choice Award. In
response to an increasing demand for a real-time version of MetaStock, MetaStock
RT was released in July of 1992. Since then, numerous versions of both the end-ofday and real-time versions of MetaStock have been released.
Afterwards, MetaStock grew into one of the world's leading developers of
investment charting and analysis software. MetaStock now has over 150,000
customers in over 97 countries. MetaStock’s products have received numerous
awards, including PC Magazine's Editors' Choice Award and the Readers' Choice
Award from Stocks & Commodities Magazine for over 20 consecutive years.
In 1996, Reuters, the world’s largest international multimedia information
company, acquired Equis. Equis served as the graphics and technical analysis center
of excellence for Reuters. In 2008, Equis was a part of the Thomson Corporation /
Reuters Group PLC merger.
Scott Brown founded Innovative Market Analysis, based in Salt Lake City,
Utah, in 2013. Innovative Market Analysis acquired the MetaStock software line
directly from Thomson Reuters on June 14, 2013. The company is responsible for
supporting, developing, and programming the software as well as management of
MetaStock customer accounts.
Innovative Market Analysis maintains a solid working relationship with
Thomson Reuters, using Reuters data feeds DataLink and XENITH to power all
versions of MetaStock. On the institutional side, Thomson Reuters clients still use
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MetaStock Pro for Eikon. These institutional accounts are serviced and supported by
Innovative Market Analysis.
MetaStock professional has a lot of features and characteristics, however the
two most important features that we made use of in our research were the Indicator
Builder and the Enhanced System Tester. In order to build our technical analysis
systems we used the MetaStock indicator builder, which is a formula writing module
with a wide array of math and investing functions. Combining one or more formulas
written in the MetaStock Formula Language creates custom indicators. This language
is somewhat similar to Microsoft Excel formulas and the proper format for the data is
the one provided by Thomson Reuters Corporation.
In order to back test and optimize our systems we made use of the Enhanced
System Tester, which allows traders to create, back-test, compare, and optimize
trading strategies before risking their own money in the markets. System tests are
written using an extended version of the MetaStock Formulas Language. Back-testing
answers the question, “How much would I make or lose if I traded this security or
these securities using these buy and sell rules?” Traders can change and edit
conditions such as entry, exit, stops, order sizes, and commissions to make the
simulation more realistic. The buy and sell conditions can be optimized in order to
show the best performing parameters.
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2. Trading Rule Application
In table 5 below we summarize our 10 technical analysis systems in terms of
their trading signals processing.
Table 5. Summary of TA Systems Trade Signal Processing

Technical Analysis System

Abbreviation

Buy Signal

Sell Signal

Simple Moving Average

SMA

Prices > SMA

Prices < SMA

Weighted Moving Average

WMA

Prices > WMA

Prices < WMA

Exponential Moving Average

EMA

Prices > EMA

Prices < EMA

Simple Price Oscillator with
Zero or Mid-line Crossing

SPO_S1

SPO > 0

SPO < 0

Simple Price Oscillator with
Signal line Crossing

SPO_S2

SPO > Signal line

SPO < Signal line

Weighted Price Oscillator with
Zero or Mid-line Crossing

WPO_S1

WPO > 0

WPO < 0

Weighted Price Oscillator with
Signal line Crossing

WPO_S2

WPO > Signal line

WPO < Signal line

Exponential Price Oscillator
with Zero or Mid-line Crossing

EPO_S1

EPO > 0

EPO < 0

Exponential Price Oscillator
with Signal line Crossing

EPO_S2

SPO > Signal line

SPO < Signal line

Adaptive Moving Average

AMA

Prices > AMA

Prices < AMA

In all the Moving Average (MA) systems, whether Simple, Weighted,
Exponential or Adaptive it is clear that the two lines triggering the buy/sell signals are
the price line and the MA line, the faster is of course the price line when crossing the
MA line to the upside this indicates a beginning of an uptrend and a buy signal is
triggered and vice versa with the sell Signal.
In the Price Oscillators (PO) with zero or mid-line crossing (S1), the PO
whether Simple, Weighted or Exponential is a subtraction of the slower MA from the
faster MA, when the PO is greater than zero this means that the faster MA has crossed
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the slower MA to the upside signaling a beginning of an uptrend and a buy signal is
triggered and vice versa with a sell signal.
However, in the Price Oscillators (PO) with signal line crossing (S2), the PO
(difference between the faster and slower MA) it self formulates the faster line and in
this case the slower Signal line is a 9-day MA of the PO and in the same type (simple,
weighted or exponential). The crossing of the faster line (PO) to the slower (Signal)
line to the upside signals an uptrend and triggers a buy signal and vice versa with a
sell signal.
3. Testing Criteria
In testing our systems we incorporate several criteria that were mostly
addressed by the standard category of the modern studies in the literature review.
We start our empirical test by splitting our data into in and out-of-sample sets,
to remove the doubt that a parameter sweep has been conducted on the data to select
input parameters that would lead to desired results. This validation procedure was
proposed by Jensen (1967) as a solution for the problem of data snooping. After
wards, we code our technical analysis systems in MetaStock Indicator Builder and
using MetaStock Formula language. Embedded in our coding of the systems is an
optimization function that takes in a specific range. We use our in-sample period for
optimizing our rules to be able to decide on which optimal parameters to use in our
out-of-sample period testing.
Using the Enhanced System Tester we are capable of inputting lots of
parameters that make our simulations as close to reality as possible. Examples of
theses parameters are transaction costs that are collected by the broker and how are
they collected, specifically in the Egyptian Stock Market the brokers’ fees are in
percentage of the cost of purchase irrespective of the number of stocks purchased.
Furthermore, we specify whether we have short selling or not and what
interest to put in case of buying on margin. As well as, at what money market rate
should deposit our idle cash during times when our technical analysis systems are out
of the market.
We make use of the Buy-and-Hold (B/H) return as a benchmark for
comparing to our systems performance inline with nearly all studies of the literature,
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and we calculate for each simulation a Buy-and-Hold Performance Index (B/H PI) to
ease the comparison of results.
In line with studies in the literature such as Chang and Osler (1999), Sullivan
et al. (1999) and LeBaron (1999), we use the Sharpe Ratio (SHRP_R) as our
measurement for risk adjusted return. Developed by Nobel laureate William F. Sharpe
in 1994, the Sharpe ratio is the average return earned in excess of the risk-free rate per
unit of volatility or total risk. Subtracting the risk-free rate from the mean return, the
performance associated with risk-taking activities can be isolated. One intuition of
this calculation is that a portfolio engaging in “zero risk” investment, such as in our
case the purchase of Egyptian Treasury bills (for which the expected return is the riskfree rate), has a Sharpe ratio of exactly zero. And generally, the greater the value of
the Sharpe ratio, the more attractive the risk-adjusted return.
We finally perform a robustness check whether sample constituents of the data
will confirm our results, thus we select samples based on a specific criterion and redo
all the work the has been performed on our main data set in order to see how these
samples react to our set of technical analysis systems.
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IV. DATA
In order to empirically test the Egyptian stock market for our proposed set of
technical analysis systems, we chose the EGX30 Index, which includes the top 30
companies in terms of liquidity and activity, and according to the Central Bank of
Egypt is regarded as a benchmark for the Egyptian stock market’s performance.
Further more, we selected a sample of 10 companies to perform on them the same
empirical tests to add robustness to our findings.
A. The Egyptian Exchange
According to the Egyptian Exchange (EGX) main website, the EGX formerly
was comprised of two separate exchanges the Cairo and the Alexandria exchange.
The Alexandria Stock Exchange was officially established in 1883, with Cairo
following in 1903. Both exchanges were very active in the 1940s, and the combined
Egyptian Stock Exchange ranked fifth in the world. The central planning and socialist
policies adopted in the mid-1950s led to the exchange becoming dormant between
1961 and 1992.
In the 1990s, the Egyptian government's restructuring and economic reform
program resulted in the revival of the Egyptian stock market, and a major change in
the organization of the Cairo and Alexandria stock exchanges took place in January
1997 with the election of a new board of directors and the establishment of a number
of board committees.
B. The EGX30 Index
The Egyptian exchange started publishing the EGX30 index (previously
CASE30 index) in 1/1/1998 with a base value of 1000 points. There are several rules
that are related to the eligibility of the companies listed on the EGX30. Top three of
these in terms of importance are first liquidity, where all traded companies are ranked
according to total value traded for the period prior to the next rebalance. Second, the
number of trading days, where eligible companies that met the liquidity criteria must
be traded at least 50% of the period’s trading days. For example, if the total number
of traded days during the last six-month period is 120 (5 x 4 x 6). The company must
be traded at least 60 days during this period to join the index. Third, the percentage of
required free float (tradable shares), where EGX has amended the required free float
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of any company included in the index to be at least 15%. However, a company is
considered to be eligible for inclusion in the index, if its adjusted market
capitalization is not less than the median of adjusted market capitalization for all
traded companies during the review period, while having a free float that is
compatible with the listing rules.
The formula used for calculating EGX 30 is straightforward. The daily index
value is calculated by dividing the adjusted market value (Last closing price * number
of listed shares * percent of free float) of all constituent companies by a divisor.
Adjusted Market Value is synonymous to Adjusted Market Capitalization.
𝐼𝑛𝑑𝑒𝑥  𝑉𝑎𝑙𝑢𝑒   =   

  𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑  𝑀𝑎𝑟𝑘𝑒𝑡  𝑉𝑎𝑙𝑢𝑒  𝑜𝑓  𝑐𝑜𝑛𝑠𝑡𝑖𝑡𝑢𝑒𝑛𝑡𝑠  
𝐶𝑜𝑚𝑝𝑎𝑛𝑖𝑒𝑠  𝐷𝑖𝑣𝑖𝑠𝑜𝑟

The divisor is a factor that converts adjusted market capitalization of constituent
companies to the index level. It is derived at the starting point of the index (Base date)
by dividing the adjusted market capitalization by an arbitrary number or Multiplier.
For the EGX, the index was set at 1,000 on its start date, thus setting the divisor at
1/1000 of the adjusted market capitalization.
On the 28th of April 2014, the EGX signed an agreement to grant the 1st
license to an Egyptian financial firm to use EGX30 to setup XT Misr Exchange
Traded Fund (ETF), Beltone Financial won the 1st license to start an ETF in the
Egyptian capital market, making the EGX30 finally tradable.
C. Data Collection and Sampling
1. The EGX30 Index
Our data for the EGX30 was collected from Thomson Reuters, which we had
access to through the American University in Cairo (AUC) licensing. Our out-ofsample period starts on 1/2/1998 (inception date) till 6/29/2006 (8.5 yrs.), while our
in-sample period starts from 7/2/2006 till 12/31/2014 (8.5 yrs.), totaling 17 years of
daily closing prices. The seed capital used for our simulation was EGP1,000,000.
Figure 4 below shows the closing prices of the EGX30 over both the in and out-of
sample periods.
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Figure 4. EGX30 Daily Closing Prices (1/2/1998–12/31/2014)
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The line on figure 4 above shows the split of the data in half, the out-ofsample period is on the left where we optimize our systems’ parameters and come up
with the optimal parameters to be then used during the in-sample or test period.
To give some background on the reasons behind major trends that occurred in
the Egyptian economy and of course reflected on the EGX30, we start with the
introduction of the economic reform program at the beginning of the 1990s, a new
capital market law was enacted encouraging the investment by the private sector with
more protection granted to investors and more involvement of the banks in
encouraging the capital markets through mutual funds. The economic reform plus the
enhancements in the macroeconomic indicators and the institutional procedures led to
the stock market revival in 1992. By mid-1996, two important factors led to the
accelerated growth in the stock market, first; the removal of the two percent tax on
capital gains imposed on securities investment in 1992, second; the implementation of
the privatization program. Also, during the same year, for the first time Egyptian
securities were issued overseas known as Global Depository Receipts (GDRs)
(Elghouti, 2014).
According to an article published in the International Monetary Fund (IMF)
survey magazine and titled “Egypt: Reforms Trigger Economic Growth”, growth in
Egypt has picked up steadily since 2004 (see figure 4), making it one of the Middle
East's fastest-growing economies (Enders, 2008). Between end-2004 and end-March
2007, 2.4 million jobs were created. As a result, unemployment has dropped from
10.5 percent to 9 percent. Exports and imports also rose sharply, along with workers'
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remittances, Suez Canal receipts, and tourism revenues. Examples of such reforms
leading to a better business environment are, the establishment of a well-functioning
foreign exchange market in 2004 that lifted formal and informal restrictions on access
to foreign exchange. Also reductions in the weighted average import tariff to about
6.9 percent by 2007, accelerating integration with the global economy. Business
regulations have been streamlined to speed up customs clearance and facilitate
registration of new businesses and property. Egypt consequently earned the honor of
top reformer in the World Bank's 2007 Doing Business Report. Furthermore, the
Governance and financial soundness of state banks and banking supervision have
been strengthened in the context of broader, ongoing financial sector reforms (Enders,
2008).
According to Herrera and Youssef (2013) in their paper titled
“Macroeconomic Shocks and Banking Sector Developments in Egypt” one of the
Economic Research Forum (ERF) organization working papers, from 2008 to 2011
Egypt was hit by significant shocks, both global and country-specific. First, in 2008
the country was shocked by the global crisis, which induced a capital outflow, a
moderate growth slowdown, stagnation in employment growth, and high inflation due
to rising food prices. As the country recovered from that shock and capital started
flowing back, the 25th of January 2011 Revolution sent the economy into a tailspin.
The prolonged transition to a new political regime and the limited policy flexibility
compounded uncertainty, grounded the economy to a halt, and drove it to the brink of
a balance of payments crisis by December 2011 (Herrera and Youssef, 2013). This
explains the shape of the curve in figure 4 from 2008 till 2011.
According to the Egyptian Exchange’s annual reports, The Egyptian Economy
grew by 2.2% in 2011/2012, which is considered a higher rate than the one realized
the year before (1.8%), yet it's still below the required level that would restore the
Egyptian economy's strength, while in 2013, the Egyptian Stock market rose 24%.
However, in 2014, the EGX 30 index was able to realize 32% gains, pushing the
Egyptian market to come as one of the best performers compared to the world’s
markets as per Morgan Stanley indices, with its index surging by 100% over the last 3
years; one of the highest recorded growth rates realized by emerging & developed
markets.
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2. The Selected Stocks
For the robustness check we re-tested our methodology on a sample of 10
stocks. All data collection was done through Thomson Reuters, same as for the
EGX30. The seed capital used for our simulations was EGP1,000,000 except for one
stock the Egypt Kuwait Holding Co SAE (EKHO.CA) where it was $1,000,000 since
this company is listed in USD not EGP. The criterion of selection was based on the
size of market cap as we picked the 10 biggest stocks in terms of market cap as of 4th
of September 2014. Another factor affecting the selection was the length of the data
history, as the stocks had to have a history of 5 years (out-of-sample period) before
the 2nd of July 2006 (from 7/2/2001 to 6/29/2006), which is the beginning of our test
(in-sample) period (from 7/2/2006 to 12/31/2014). There was one exception to this
criteria and that was Eastern Tobacco company which we could not include since its
stocks are only traded by in huge bulks so it would not be realistic to test on it as the
trades in the simulation wouldn’t be executed in reality.
Giving a brief background, according to Thomson Reuters, of the 10
companies that are included in our sample, we first start with the Commercial
International Bank Egypt SAE (COMI.CA), which is the private sector bank in Egypt,
offering a range of financial products and services to its customers, which include
enterprises of all sizes, institutions, households and high-networth (HNW)
individuals. The Bank offers wealth management, securitization, direct investment
and treasury services. The Bank's operation are corporate banking, which include
incorporating direct debit facilities, current accounts, deposits, overdrafts, loan and
other credit facilities, foreign currency and derivative products; investment banking,
which include incorporating financial instruments trading, structured financing,
corporate leasing, and merger and acquisitions advice; retail banking, which include
incorporating private banking services, private customer current accounts, savings,
deposits, investment savings products, custody, credit and debit cards, consumer loans
and mortgages, and others, which include other banking business, such as assets
management.
Second, EFG-Hermes Holdings SAE (HRHO.CA), also known as Egyptian
Financial Group Hermes Holding Co SAE, is an Egypt-based company engaged in the
provision of commercial and investment banking services and products. The
Company is organized into two segments: Commercial banking and Investment
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banking. The Company’s business lines are structured into five divisions: the
Securities Brokerage division offers brokerage services to institutional and individual
investors; the Asset Management division offers investment management services for
customized segregated accounts investing in the Middle East and North Africa; the
Investment Banking division specializes in advising on capital raising, mergers and
acquisition, restructuring, privatization and issuance of equity and debt capital; the
Private Equity division invests funds in diversified sectors, such as tourism and real
estate, financial services, industrials and building materials, and the Research division
offers research services, among others.
Third, Global Telecom Holding SAE (GTHE.CA), formerly Orascom
Telecom Holding SAE, is an Egypt-based integrated telecommunications services
company operating mobile networks in the Middle East, Africa and Asia. The
Company operates in five business segments: Mobile telecommunication business in
Algeria; Mobile telecommunication business in Pakistan; Mobile telecommunication
business in Bangladesh; Other Global System for Mobile Communications (GSM),
and Other Telecom service (Non GSM Service) which includes other territories in
which the Company operates as a mobile telecommunication operator and other
services. In addition it has an indirect equity ownership in Telecel Zimbabwe
(Zimbabwe). The Company is a member of the VimpelCom Group, which is a mobile
telecommunications provider.
Fourth, Ezz Steel Co SAE (ESRS.CA), formerly Al Ezz Steel Rebars
Company, is an Egypt-based manufacturer and trader of steel and related products.
The Company is engaged, together with its subsidiaries, in the manufacture, trade and
distribution of iron and steel products of all kind and associated products and services.
The Company produces and distributes long and flat, as well as custom made to
customer specifications steel products for use in a range of end applications. Its
production facilities are located in Alexandria, Suez, Sadat City and 10th of Ramadan
City, with a total manufacturing capacity of 5.8 million tons of finished steel
annually. Ezz Steel’s product range includes steel re-bars, wire rod, welded wire mesh
and hot rolled coil. The Company exports its products to the Europe, the Middle East
and North Africa, Asia, the United States and others. The Company's subsidiaries
include Al Ezz Rolling Mills Company and Ezz Steel Algeria Company SPA, among
others.
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Fifth, Madinet Nasr for Housing and Development SAE (MNHD.CA), which
is an Egypt Egypt-based public shareholding company engaged in real estate
development and housing activities. The Company is involved in the purchase and
sale of lands, land subdivision and leasing, property development, construction of
residential and commercial buildings, real estate and property management, and in the
provision of architectural and engineering services, as well as the investment and
management of residential, administrative, touristic and leisure facilities. It operates
two subsidiaries, Nasr Civil Works Company and Nasr Utilities Company. The
Company’s projects include Nasr Gardens, which is a commercial development
project in the northern suburbs of Cairo; Km 45, which is a housing project in Cairo;
6th October is a housing development project geared to low- and middle-income
families, and Nasr City, which is a residential and commercial project comprising 752
houses and more than 41 shops.
Sixth, Sixth of October Development and Investment Company SAE
(OCDI.CA) widely known as SODIC, is an Egypt-based company engaged in real
estate development projects and operations. The Company is specialized in lands
acquisition and subdivision for the purpose of properties development, selling or
leasing; construction and integrated construction activities and operations as well as
other supplementary works; building, selling and leasing all various kinds of real
estate properties; urban communities development; working in the field of tourist
development and in all tourist establishments field including building , managing ,
selling or utilizing hotels, motels, restaurants and tourist villages, as well as sporting,
entertainment, medical and educational buildings. The Company’s subsidiaries
include, among others, SODIC Real Estate Services Company, Sixth of October for
Development & Real Estate Projects and Move-In for Advanced Contracting Co
SAE.
Seventh, Egypt Kuwait Holding Co SAE (EKHO.CA) is an Egypt-based
investment company with a diversified portfolio of investments in sectors, including
fertilizers and petrochemicals, energy, insurance, manufacturing, information
technology, transport and infrastructure. The Company has investments in 20
companies across five countries, including Egypt, Kuwait, South Sudan and Syria.
The Company’s major investments are in the hydrocarbons sector, which include
upstream drilling and exploration, through its subsidiary Tri-Ocean Energy; the
distribution of natural gas, through Natgas and Fayum Gas, and the manufacturing of
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nitrogen-based fertilizers, through Alexandria Fertilizers Company. In April, 2013,
the Company sold its stake of 59.99% in Nile Family Takaful and Nile General
Takaful to Tokyo Marine and Nichido Fire Insurance Co Ltd.
Eighth, Oriental Weavers Carpet Co. SAE (ORWE.CA) is an Egypt-based
company that is principally engaged in the production and sale of machine-woven
carpets and rugs for the residential, commercial and hospitality industries. The
Company offers various lines of area rugs, as well as manufactures woven goblins
and tapestries. The Company also produces custom-made rugs and carpets, contracts
to fulfill the carpeting needs of homes, hotels and offices, and provides related carpet
care services. The Company operates through its subsidiaries include Oriental
Weavers USA Inc., Oriental Weavers International, Oriental Weavers Fibers
Company, Egyptian Fiber Company (EFCO), Oriental Weaves China, New Mac,
EFCO Modern Fiber and MAC Carpet.
Ninth, South Valley Cement Company SAE (SVCE.CA) is an Egypt-based
company engaged in the manufacture of cement and its associated products, as well as
a range of building materials products. The Company’s product portfolio consists of
three main categories: clinker, Portland ordinary cement and ready mix concrete. The
Company’s main production facility is located in the Beni Suef Industrial Zone, in
Middle Egypt, approximately 130 km south of Cairo, which is engaged in the
operation of milling clinker and bagging cement. The Company also owns and
manages a portfolio of diverse multi sector direct and indirect investments. In
addition, SVCC focuses on the establishment of seven ready mix stations in six
industry spots in Egypt, including Beni Suef, Borg El Arab, Madinty (2 stations),
Sadat City and North Suez Gulf.
And tenth, Heliopolis Co for Housing and Development SAE (HELI.CA), an
affiliate of National Company for Construction and Development, is an Egypt-based
public shareholding company engaged in construction and housing projects. The
Company’s operations include land reclamation and subdivision, residential real
estate development and management, real estate properties purchase and sale, real
estate projects planning and supervising, as well as constructing of houses, hotels,
holiday resorts, and hospitals properties. In June 2012, the Company sold four land
plots located next to Sheraton Heliopolis, New Heliopolis City. In September 2012,
the Company sold nine land plots, which are located in New Heliopolis City. In
September 2014, the Company sold 20 plots of land located in New Heliopolis City.
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Below in table 6, we have our selected sample company names and their
corresponding Market Cap weights on the selection date (4-Sep-2014).
Table 6. Stocks Sample & Corresponding Market Cap Weights

Company Name

Ticker

Commercial International Bank Egypt SAE
EFG-Hermes Holdings SAE
Global Telecom Holding SAE
Ezz Steel Co SAE
Madinet Nasr for Housing and Development SAE
Sixth of October Development and Investment Company SAE
Egypt Kuwait Holding Co SAE
Oriental Weavers Carpet Co. SAE
South Valley Cement Company SAE
Heliopolis Co for Housing and Development SAE

COMI.CA
HRHO.CA
GTHE.CA
ESRS.CA
MNHD.CA
OCDI.CA
EKHO.CA
ORWE.CA
SVCE.CA
HELI.CA

Sum of Market Capitalization Weights of the Sample as a percentage of
the EGX30 Companies =

Market Cap
Weights
27.10%
6.17%
5.61%
4.04%
3.46%
2.57%
2.25%
1.87%
1.77%
1.56%
56.40%

As we can see in table 6 above our selected sample of stocks totals 56.40% of
the total Market Cap of the EGX30 Index. The sampling process is important as a
robustness check for the results and also represents a tradable asset. Since, the EGX30
has had a tradable ETF only since the 28th of April 2014, thus we couldn’t have traded
the EGX30 in reality during our test period.
In figure 5, below we can observe all 10 stocks and view how each company’s
stock has progressed during our sample period. A separator line can be seen on each
graph showing the point at which the out-of sample period ends and the in-sample
period begins.
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Figure 5. Stocks Sample Price History Charts

54

D. Professional Help
HC Securities & Investment (“HC”) is a leading financial institution in the
Middle East and North Africa, offering its clients a wide range of services in
investment banking, asset management, securities brokerage, research, online trading,
and custody.
Mr. Mohamed El Saiid, the Executive Director & Head of Technical Analysis
at HC, joined the firm in 2004 to develop the TA department and team in such a way
as to provide reliable TA-based analysis and forecasts on key regional and global
markets that are of strategic concern to clients. He began his career working for
Momentum Wavers, a Middle East technical analysis firm. El Saiid holds an MBA
and was awarded his Master of Financial Technical Analysis (MFTA) certification in
2004, the same year he joined HC as an associate/lead technical analyst. Later, he
joined Unifund, a Geneva-based international private fund as the chief technical
strategist and co-fund manager of the Middle East investments. El Saiid is a technical
analysis instructor and head of the Education Committee for the Egyptian Society of
Technical Analysts (ESTA).
Thanks to Mr. Mohamed El Saiid all our collected data whether for the
EGX30 or the sampled stocks are accurately adjusted to corporate actions and in a
timely manner, as well as our rates for money market deposits and brokerage
transaction costs are confirmed actual market rates with some added conservancy.
Furthermore, Mr. El Saiid was kind enough to allow us access to the same
version of MetaStock Professional that they use in the firm, as well as help and revise
the TA systems’ coding and execution, which undoubtedly boosts our research
credibility as he is clearly an expert in the field of technical analysis.
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V. FINDINGS
In this chapter, we present our findings, which are comprised of tabulated
results of each Technical Analysis (TA) system simulation. We start by presenting the
results of the EGX30 and then the 10 stocks each in a separate table, with each table
having all 10 TA systems results along with their Buy and Hold Performance Indices
(B/H PI) and their Sharpe Ratio (SHRP_R) calculation. We finally summarize our
findings chapter by giving an average performance of our presented systems followed
by a brief interpretation.
A. Technical Analysis Systems Results
We define profitability as our measure of performance, which is a measure of
how much profit or loss the system generated based on its initial equity which we
present as an annualized figure for each system.
Our benchmark is the annualized passive buy and hold performance, thus the
simulation calculates the B/H PI. This index shows the percentage of the system’s
profits as compared to a buy and hold strategy’s profits. A value of “-50” means that
the system’s profits were one-half (i.e., 50%) of the buy/hold’s. A value of “25”
means that the system’s profits were 25% greater than the buy/hold’s. A value of “0”
means they were equal.
The risk adjustment is calculated through the use of SHRP_R, which is
calculated for both the TA system results as well as the buy and hold scenario and
compared to each other.
The Moving Average (MA) days are presented for each simulation where in
the out-of-sample period you will find the optimal days and between brackets the
range of the optimization. However, the in-sample period will have only the optimal
days since they are strictly applied as parameters to the systems with out optimization.
All the results tables are color coded (green and red) to clearly show the
performance of each system in comparison to the passive buy and hold scenario.
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1. The EGX30 Index
Table 7. Results of TA systems applied to EGX30 Index
Company Name
Annual B/H Return
Risk Free Rate
B/H Sharpe Ratio
Optimization
Technical System
SMA

172.50%

WMA

264.82%

EMA

171.37%

SPO_S1

93.94%

SPO_S2

96.67%

WPO_S1

80.85%

WPO_S2

88.41%

EPO_S1

128.52%

EPO_S2

98.01%

AMA

126.34%

EGX30 Index
44.26%
9.81%
8.84%
10.59%
20.45
-0.44
Optimized (Out-of-sample)
Optimal Days (In-Sample)
Test Period's Annual Return
1/2/1998 – 6/29/2006
7/2/2006 – 12/31/2014
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
71.68%
289.73%
125.97
9 (9 – 99)
630.91%
57.88
9
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
60.33%
498.31%
197.79
9 (9 – 99)
515.13%
46.15
9
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
78.42%
287.18%
122.42
9 (9 – 99)
699.61%
65.22
9
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
25.63%
112.24%
62.03
12 & 31 (9 –15 & 20 – 31)
161.36%
14.26
12 & 31
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
13.22%
118.41%
67.48
11 & 31 (9 –15 & 20 – 31)
34.77%
2.51
11 & 31
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
20.64%
82.66%
52.71
13 & 31 (9 –15 & 20 – 3)
110.46%
9.75
13 & 31
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
1.45%
99.75%
64.10
10 & 25 (9 –15 & 20 – 31)
-85.26%
-8.17
10 & 25
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
31.38%
190.37%
87.25
10 & 26 (9 –15 & 20 – 31)
220.02%
20.26
10 & 26
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
16.10%
121.43%
69.91
9 & 20 (9 –15 & 20 – 31)
64.20%
5.34
9 & 20
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
24.18%
185.44%
85.64
(8 – 32)
146.57%
12.00
(8 – 32)

In table 7 above, we can clearly see that all the systems have operated
profitably in the out-of-sample period. Also, all systems recorded higher Sharpe ratios
than that of a B/H scenario. This means that all systems inform the investor that they
are better than the passive buy-and-hold scenario and that all of them can be used
during the in-sample or the test period.
During the test period all systems recorded positive performance, except for
the WPO_S2, which recorded an annualized return of 1.45%, a B/H PI of -85.26%
and a SHRP_R of -8.17 using a faster average of 10 days and a slower average of 25
days. The top performing system was the 9-day EMA, which resulted in an
annualized return of 78.42% while the B/H annualized return was 9.81% leading to a
B/H PI of 699.61% and a SHRP_R of 65.22 compared to -0.44 of the B/H scenario.
The average return across all systems was 34.30% leading to a B/H PI of
249.78% when compared to the 9.81% return of the B/H scenario. Also an average
SHRP_R of 22.52, which was much better than the -0.44, recorded by the B/H
scenario.
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2. Commercial International Bank SAE (COMI.CA)
Table 8. Results of TA systems applied to COMI.CA
Company Name
Annual B/H Return
Risk Free Rate
B/H Sharpe Ratio
Optimization
Technical System
SMA

33.28%

WMA

32.33%

EMA

31.70%

SPO_S1

12.45%

SPO_S2

31.33%

WPO_S1

24.16%

WPO_S2

15.77%

EPO_S1

22.02%

EPO_S2

11.88%

AMA

29.43%

Commercial International Bank SAE (COMI.CA)
48.33%
64.51%
8.80%
10.59%
17.95
19.86
Optimized (Out-of-sample)
Optimal Days (In-Sample)
Test Period's Annual Return
7/2/2001 – 6/29/2006
7/2/2006 – 12/31/2014
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
31.76%
-31.14
12.87
-50.77%
12.83
83
83 (9 – 99)
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
32.86%
-33.10%
12.72
70 (9 – 99)
-49.06%
13.81
70
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
52.55%
-34.42%
11.72
98 (9 – 99)
-18.54%
25.67
98
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
42.87%
-74.25%
2.12
9 & 28 (9 –15 & 20 – 31)
-33.54%
20.29
9 & 28
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
8.98%
-35.19%
14.04
10 & 27 (9 –15 & 20 – 31)
-86.08%
-1.08
10 & 27
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
45.54%
-50.01%
8.68
10 & 26 (9 –15 & 20 – 31)
-29.41%
22.55
10 & 26
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
-3.03%
-67.37%
4.14
9 & 20 (9 –15 & 20 – 31)
-104.69%
-7.29
9 & 20
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
45.47%
-54.45%
7.05
14 & 30 (9 –15 & 20 – 31)
-29.52%
21.30
14 & 30
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
20.49%
-75.41%
1.86
11 & 20 (9 –15 & 20 – 31)
-68.24%
6.53
11 & 20
B/H PI
SHRP_R
MA
B/H PI
SHRP_R
MA
75.47%
-39.11%
10.29
(8 – 32)
16.98%
37.65
(8 – 32)

In table 8 above, beginning of the robustness checks, all our systems have
performed poorly in comparison to the B/H scenario. Also it is important to notice
that in the SMA, WMA and EMA the MA days are near the end of the optimization
range 83, 70 and 98 days which means that in that stock opportunities for trading
triggers are very scarce. These results mean that it is better for the investor to
passively B/H rather than to use any of the proposed mechanical TA systems thus
realizing the 64.51% annual return during the in-sample period.
The in-sample period showed expected results as all systems show negative
returns as compared to the B/H scenario except for the AMA system, which gave an
annualized return of 75.47%, recording a B/H PI of 16.98% and a SHRP_R of 37.65
that exceeds that of the B/H scenario. It is also interesting to state that the EMA,
SPO_S1, WPO_S1 and EPO_S1 all had positive risk adjusted return as there
annualized returns are close to that of the B/H but with lower standard deviation in
their equity distribution, thus having better SHRP_R. The average annual return
across all systems was 35.30%, thus an average B/H PI of -45.29%.
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3. Egyptian Financial Group Hermes Holdings SAE (HRHO.CA)
Table 9. Results of TA systems applied to HRHO.CA
Company Name
Annual B/H Return
Risk Free Rate
B/H Sharpe Ratio
Optimization
Technical System
SMA

439.03%

WMA

431.80%

EMA

327.37%

SPO_S1

356.36%

SPO_S2

174.76%

WPO_S1

595.10%

WPO_S2

203.15%

EPO_S1

614.64%

EPO_S2

192.09%

AMA

359.53%

Egyptian Financial Group-Hermes Holdings SAE (HRHO.CA)
135.20%
-0.71%
8.80%
10.59%
29.20
-3.67
Optimized (Out-of-sample)
Optimal Days (In-Sample)
Test Period's Annual Return
7/2/2001 – 6/29/2006
7/2/2006 – 12/31/2014
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R
MA Days
36.38%
224.73%
133.56
24 (9 – 99)
5201.89%
13.89
24
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R
MA Days
31.78%
219.28%
132.68
28 (9 – 99)
4556.88%
11.55
28
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R
MA Days
27.85%
142.14%
99.16
26 (9 – 99)
4005.70%
9.29
26
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R
MA Days
9.43%
163.58%
106.35
9 & 25 (9 –15 & 20 – 31)
1422.06%
-0.61
9 & 25
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R
MA Days
1.78%
29.26%
49.24
12 & 26 (9 –15 & 20 – 31)
349.68%
-4.43
12 & 26
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R
MA Days
23.77%
340.17%
181.25
11 & 25(9 –15 & 20 – 31)
3433.36%
7.06
11 & 25
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R
MA Days
-2.54%
50.26%
63.90
9 & 30 (9 –15 & 20 – 31)
-256.09%
-7.11
9 & 30
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R
MA Days
2.98%
354.62%
177.94
15 & 27 (9 –15 & 20 – 31)
517.53%
-4.05
15 & 27
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R
MA Days
7.53%
42.08%
58.48
10 & 30 (9 –15 & 20 – 31)
1155.56%
-1.59
10 & 30
B/H PI
SHRP_R
MA
B/H PI
SHRP_R
MA
2.19%
165.93%
102.47
(8 – 32)
407.52%
-4.44
(8 – 32)

In table 9 above, the out-of-sample results of HRHO.CA all show superior
performance to the B/H scenario, as well as from a risk-adjusted perspective, all
SHRP_Rs also surpass that of the passive B/H. These results advise investors that all
systems can be used during the test (in-sample) period.
During the in-sample period nearly all systems record better performances
than the B/H scenario with the SMA being the top performer at an annualized return
of 36.38% comparing to a B/H return of -0.71%, resulting in a B/H PI of 5201.89%.
However, the WPO_S2 was an exception recording a negative return of -2.54%,
meaning a B/H PI of -256.09%, as well as an inferior SHRP_R of -7.11 compared to a
-3.67 recorded by the B/H. Interesting to state that the SPO_S2, EPO_S1 and AMA
recorded poor SHRP_R when compared to the B/H scenario. As although the standard
deviation of their daily equity performance was less than that of the B/H their small
return figures being less than the risk free rate of 10.59% resulted in worse SHRP_Rs.
The average annual performance across all system here was 14.12% leading to
a BHPI of 2079.41% and an average SHRP_R of 1.96 that is also superior to B/H.
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4. Global Telecom Holding SAE (GTHE.CA)
Table 10. Results of TA systems applied to GTHE.CA
Company Name
Annual B/H Return
Risk Free Rate
B/H Sharpe Ratio
Optimization
Technical System
SMA

164.41%

WMA

149.46%

EMA

191.21%

SPO_S1

142.27%

SPO_S2

82.12%

WPO_S1

144.99%

WPO_S2

98.04%

EPO_S1

153.50%

EPO_S2

63.09%

AMA

184.58%

Global Telecom Holding SAE (GTHE.CA)
119.85%
-2.58%
8.80%
10.59%
66.80
-4.72
Optimized (Out-of-sample)
Optimal Days (In-Sample)
Test Period's Annual Return
7/2/2001 – 6/29/2006
7/2/2006 – 12/31/2014
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
-6.89%
37.18%
104.76
83 (9 – 99)
-167.22%
-11.18
83
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
-6.00%
24.71%
96.46
89 (9 – 99)
-132.62%
-11.09
89
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
-6.49%
59.54%
120.90
99 (9 – 99)
-151.62%
-10.90
99
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
1.69%
18.70%
94.89
9 & 31 (9 –15 & 20 – 31)
165.61%
-5.88
9 & 31
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
-6.29%
-31.48%
58.29
13 & 20 (9 –15 & 20 – 31)
-144.11%
-9.54
13 & 20
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
-0.50%
20.98%
99.78
10 & 31 (9 –15 & 20 – 31)
80.67%
-7.27
10 & 31
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
-8.74%
-18.20%
69.83
12 & 20 (9 –15 & 20 – 31)
-238.81%
-10.76
12 & 20
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
-0.95%
28.07%
100.01
12 & 27 (9 –15 & 20 – 31)
63.31%
-7.60
12 & 27
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
-4.56%
-47.36%
43.75
10 & 20 (9 –15 & 20 – 31)
-76.89%
-8.66
10 &20
B/H PI
SHRP_R
MA
B/H PI
SHRP_R
MA
-0.46%
54.01%
116.01
(8 – 32)
82.21%
-6.67
(8 – 32)

In table 10 above, we can see that during the out-of-sample period SPO_S2,
WPO_S2 and EPO_S2 gave negative performance compared to the B/H scenario.
While all remaining systems had superior performance.
During the in-sample period we can observe three systems the SMA, WMA
and EMA had positive performance during the out-of sample period, however,
performed negatively in-sample, therefore misleading investors. Other systems have
performed either positively or negatively during both in and out-of-sample periods.
The best performer was the SPO_S1 system recording an annualized return of 1.69%
and a B/H PI of 165.61% since the B/H return was -4.72%. In these tests all the
SHRP_Rs turned out negative, as the recorded returns are all far lower than the risk
free rate of 10.59%.
The systems’ guided performance should have led the investor to use all
systems except for the SPO_S2, WPO_S2 and EPO_S2, thus leading to an average
return of -2.80% leading to a B/H PI of -8.52%. An average return across all systems
would equal -4% which is worse than that guided by the systems.
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5. Ezz Steel Co SAE (ESRS.CA)
Table 11. Results of TA systems applied to ESRS.CA
Company Name
Annual B/H Return
Risk Free Rate
B/H Sharpe Ratio
Optimization
Technical System
SMA

820.63%

WMA

879.00%

EMA

715.14%

SPO_S1

921.64%

SPO_S2

326.60%

WPO_S1

856.75%

WPO_S2

399.08%

EPO_S1

729.14%

EPO_S2

426.95%

AMA

435.47%

Ezz Steel Co SAE (ESRS.CA)
465.76%
3.20%
8.80%
10.59%
140.40
-2.35
Optimized (Out-of-sample)
Optimal Days (In-Sample)
Test Period's Annual Return
7/2/2001 – 6/29/2006
7/2/2006 – 12/31/2014
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
48.06%
76.19%
335.68
21 (9 – 99)
2025.54%
19.52
21
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
107.58%
88.73%
365.96
16 (9 – 99)
3258.93%
48.41
16
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
35.39%
53.54%
287.79
20 (9 – 99)
1020.63%
13.02
20
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
27.84%
97.88%
364.05
10 & 21 (9 –15 & 20 – 31)
769.37%
8.71
10 & 21
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
13.36%
-29.88%
136.79
10 & 27 (9 –15 & 20 – 31)
317.19%
1.35
10 & 27
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
31.97%
83.95%
338.24
14 & 27 (9 –15 & 20 – 31)
898.13%
11.00
14 & 27
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
1.18%
-14.32%
166.20
10 & 23 (9 –15 & 20 – 31)
-63.21%
-4.68
10 & 23
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
23.97%
56.55%
277.86
9 & 31 (9 –15 & 20 – 31)
648.64%
6.85
9 & 31
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
52.13%
-8.33%
182.27
9 & 25 (9 –15 & 20 – 31)
1527.79%
20.92
9 & 25
B/H PI
SHRP_R
MA
B/H PI
SHRP_R
MA
22.99%
-6.50%
151.72
(8 – 32)
617.90%
6.12
(8 – 32)

In table 11, four systems (SPO_S2, WPO_S2, EPO_S2 and AMA) could not
beat a B/H scenario during the out-of-sample period and this means that the systems
advise investors not to rely on them during the in-sample period.
On the other hand, during the in-sample period all systems record superior
performance compared to the B/H with the exception of the WPO_S2. The top
performing system was the 16-day WMA recording an annualized return of 107.58%
where the B/H return was 3.20%, thus resulting in a B/H PI of 3258.93%. All
SHRP_Rs were as well better than that of a B/H scenario with the same exception of
the WPO_S2.
The total average return across all systems was calculated to be 36.00%,
however the TA guided performance, which meant leaving out the four negative
performers of the out-of-sample period, was calculated to be 45.80%, resulting in a
B/H PI of 1436.87% and a SHRP_R of 17.92.
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6. Madinet Nasr for Housing and Development Co SAE (MNHD.CA)
Table 12. Results of TA systems applied to MNHD.CA
Company Name
Annual B/H Return
Risk Free Rate
B/H Sharpe Ratio
Optimization
Technical System
SMA

12.18%

WMA

0.31%

EMA

-2.71%

SPO_S1

52.40%

SPO_S2

137.12%

WPO_S1

70.78%

WPO_S2

36.92%

EPO_S1

9.22%

EPO_S2

34.74%

AMA

-1.47%

Madinet Nasr for Housing and Development SAE (MNHD.CA)
29.46%
67.41%
8.80%
10.59%
5.45
16.80
Optimized (Out-of-sample)
Optimal Days (In-Sample)
Test Period's Annual Return
7/2/2001 – 6/29/2006
7/2/2006 – 12/31/2014
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
48.06%
-58.66%
1.15
17 (9 – 99)
-28.71%
15.93
17
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
43.98%
-98.94%
-2.88
26 (9 – 99)
-34.76%
14.53
26
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
42.57%
-109.20%
-3.90
20 (9 – 99)
-36.85%
13.55
20
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
41.83%
77.84%
15.41
13 & 20 (9 –15 & 20 – 31)
-37.94%
13.07
13 & 20
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
7.88%
365.43%
45.09
15 & 31 (9 –15 & 20 – 31)
-88.32%
-1.19
15 & 31
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
80.87%
140.24%
21.69
11 & 20 (9 –15 & 20 – 31)
19.97%
30.22
11 & 20
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
132.15%
22.93%
10.17
13 & 23 (9 –15 & 20 – 31)
96.05%
52.73
13 & 23
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
122.30%
-68.72%
0.15
9 & 21 (9 –15 & 20 – 31)
81.43%
46.10
9 & 21
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
45.50%
17.93%
9.21
15 & 23 (9 –15 & 20 – 31)
-32.50%
15.14
15 & 23
B/H PI
SHRP_R
MA
B/H PI
SHRP_R
MA
65.80%
-104.99%
-3.24
(8 – 32)
-2.38%
21.40
(8 – 32)

In table 12 above the out-of-sample results show that five out of 10 systems
had positive performance compared to the B/H scenario and these were SPO_S1,
SPO_S2, WPO_S1, WPO_S2 and EPO_S2. Therefore investors should rely on only
these five in there in-sample period.
During the in-sample period only three systems (WPO_S1, WPO_S2 and
EPO_S1) outperformed the B/H scenario out of which two systems were from the five
positive performers during the out-of-sample period. SHRP_Rs of the positive
performers were as well superior to that of the B/H.
In MNHD.CA investors relying on there out of sample optimization should
have invested in the five systems that had a superior performance compared to B/H
during the out of sample period leading to an average performance of 61.65% and an
average B/H PI of -8.55%, but an average SHRP_R of 21.99 which is higher than the
16.80 recorded by the B/H. The average return across all TA systems was calculated
to be 63.09% which is slightly higher than the guided average, but still lower than the
B/H return at 67.41%.
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7. Sixth of October Development and Investment Co SAE (OCDI.CA)
Table 13. Results of TA systems applied to OCDI.CA
Company Name
Annual B/H Return
Risk Free Rate
B/H Sharpe Ratio
Optimization
Technical System
SMA

643.41%

WMA

689.07%

EMA

505.57%

SPO_S1

667.44%

SPO_S2

464.41%

WPO_S1

472.11%

WPO_S2

339.19%

EPO_S1

510.55%

EPO_S2

593.08%

AMA

316.21%

Sixth of October Development and Investment Co SAE (OCDI.CA)
243.53%
9.41%
8.80%
10.59%
65.36
-0.33
Optimized (Out-of-sample)
Optimal Days (In-Sample)
Test Period's Annual Return
7/2/2001 – 6/29/2006
7/2/2006 – 12/31/2014
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
24.98%
164.21%
245.66
61 (9 – 99)
165.45%
6.49
61
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
36.53%
182.96%
269.73
74 (9 – 99)
288.23%
11.99
74
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
27.46%
107.60%
193.70
64 (9 – 99)
191.86%
7.71
64
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
27.58%
174.07%
251.48
11 & 21 (9 –15 & 20 – 31)
193.17%
7.68
11 & 21
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
5.64%
90.70%
170.46
15 & 24 (9 –15 & 20 – 31)
-40.08%
-2.22
15 & 24
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
36.26%
93.87%
181.74
15 & 31 (9 –15 & 20 – 31)
285.37%
11.74
15 & 31
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
23.51%
39.28%
122.76
15 & 31 (9 –15 & 20 – 31)
149.87%
5.94
15 & 31
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
43.24%
109.65%
193.87
15 & 30 (9 –15 & 20 – 31)
359.61%
14.69
15 & 30
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
41.65%
143.54%
227.57
15 & 27 (9 –15 & 20 – 31)
342.71%
14.12
15 & 27
B/H PI
SHRP_R
MA
B/H PI
SHRP_R
MA
30.49%
29.85%
116.95
(8 – 32)
224.08%
8.43
(8 – 32)

In table 13, we can see that all the TA systems in the out-of-sample period
have performed better than the B/H scenario. Thus investors could use all systems
during the in-sample period.
During the in-sample period all systems, with the exception of the SPO_S2,
outperform the B/H returns, as well as their SHRP_R calculations also were superior
to that of the B/H scenario. The top performing system in this security was the
EPO_S1, which recorded an annualized return of 43.24%, and a SHRP_R of 14.69
that compares to a B/H annualized return of 9.41% and a SHRP_R of -0.33, thus
recording a B/H PI of 359.61%.
The average annualized return across all systems was calculated to equal
29.73% leading to an average B/H PI of 216.03% and an average SHRP_R of 8.66
showing a better risk adjusted return also than the B/H scenario.
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8. Egypt Kuwait Holding Co SAE (EKHO.CA)
Table 14. Results of TA systems applied to EKHO.CA
Company Name
Annual B/H Return
Risk Free Rate
B/H Sharpe Ratio
Optimization
Technical System
SMA

251.39%

WMA

269.29%

EMA

237.69%

SPO_S1

304.45%

SPO_S2

173.71%

WPO_S1

336.71%

WPO_S2

78.83%

EPO_S1

263.89%

EPO_S2

147.69%

AMA

153.01%

Egypt Kuwait Holding Co SAE (EKHO.CA)
131.63%
-4.79%
8.80%
10.59%
41.83
-5.79
Optimized (Out-of-sample)
Optimal Days (In-Sample)
Test Period's Annual Return
7/2/2001 – 6/29/2006
7/2/2006 – 12/31/2014
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
13.01%
90.99%
90.57
40 (9 – 99)
371.58%
1.48
40
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
15.44%
104.59%
97.96
50 (9 – 99)
422.29%
2.95
50
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
9.41%
80.58%
85.73
33 (9 – 99)
296.32%
-0.72
33
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
19.74%
131.30%
111.22
15 & 28 (9 –15 & 20 – 31)
511.92%
5.44
15 & 28
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
-3.57%
31.98%
66.92
11 & 31 (9 –15 & 20 – 31)
25.55%
-8.56
11 & 31
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
15.13%
155.81%
126.71
9 & 31 (9 –15 & 20 – 31)
415.66%
2.75
9 & 31
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
0.44%
-40.11%
29.26
12 & 30 (9 –15 & 20 – 31)
109.12%
-6.04
12 & 30
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
26.94%
100.49%
94.66
12 & 21 (9 –15 & 20 – 31)
662.21%
9.98
12 & 21
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
-2.77%
12.21%
56.26
15 & 31 (9 –15 & 20 – 31)
42.17%
-7.56
15 & 31
B/H PI
SHRP_R
MA
B/H PI
SHRP_R
MA
5.85%
16.25%
51.63
(8 – 32)
222.07%
-2.66
(8 – 32)

In table 14 above, all systems during the out-of-sample period outperform the
passive B/H scenario, except for the WPO_S2. Therefore, according to the TA
systems’ results in the optimized period investors should exclude this system from
investment in the in-sample period.
During the in-sample period all systems perform better than the B/H scenario,
meaning the WPO_S2 failed since it has proved superior returns in contrast to the outof-sample period. All other systems have succeeded in providing positive
performance in both periods. The top performing system was the EPO_S1 recording
an annualized return of 26.94% where the B/H return was -4.79% leading to a B/H PI
of 662.21% and a corresponding SHRP_R of 9.98 where the SHRP_R of the B/H was
-5.79 thus also better in a risk-adjusted manner.
The average return across all systems was calculated to equal 9.96%, where as
the TA systems guided average would exclude the WPO_S2 system leading to an
average return of 11.02%, B/H PI of 329.97% and a corresponding SHRP_R of 0.34,
thus on average being superior to a B/H scenario.
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9. Oriental Weavers Carpet Co SAE (ORWE.CA)
Table 15. Results of TA systems applied to ORWE.CA
Company Name
Annual B/H Return
Risk Free Rate
B/H Sharpe Ratio
Optimization
Technical System
SMA

115.79%

WMA

94.69%

EMA

87.88%

SPO_S1

149.54%

SPO_S2

55.03%

WPO_S1

81.98%

WPO_S2

49.41%

EPO_S1

176.84%

EPO_S2

70.44%

AMA

52.10%

Oriental Weavers Carpet Co SAE (ORWE.CA)
92.05%
14.02%
8.80%
10.59%
28.95
1.42
Optimized (Out-of-sample)
Optimal Days (In-Sample)
Test Period's Annual Return
7/2/2001 – 6/29/2006
7/2/2006 – 12/31/2014
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
-3.83%
25.78%
47.98
61 (9 – 99)
-127.28%
-8.77
61
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
-4.47%
2.87%
39.46
41 (9 – 99)
-131.86%
-9.02
41
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
-1.62%
-4.53%
33.47
92 (9 – 99)
-111.57%
-7.27
92
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
11.62%
62.44%
69.55
15 & 25 (9 –15 & 20 – 31)
-17.11%
0.65
15 & 25
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
12.02%
-40.22%
23.89
9 & 28 (9 –15 & 20 – 31)
-14.29%
0.86
9 & 28
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
14.66%
-10.94%
35.03
9 & 31 (9 –15 & 20 – 31)
4.51%
2.42
9 & 31
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
5.74%
-46.33%
19.76
13 & 30 (9 –15 & 20 – 31)
-59.08%
-2.83
13 & 30
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
22.97%
92.11%
75.43
12 & 25 (9 –15 & 20 – 31)
63.82%
7.44
12 & 25
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
21.25%
-23.48%
32.73
13 & 29 (9 –15 & 20 – 31)
51.53%
6.42
13 & 29
B/H PI
SHRP_R
MA
B/H PI
SHRP_R MA Days
0.85%
-43.40%
17.63
(8 – 32)
-93.91%
-5.42
(8 – 32)

Table 15 above show that during the out-of-sample period only four TA
systems have outperformed the B/H scenario and they were the SMA, the WMA, the
SPO_S1 and the EPO_S1, however other systems could not beat the B/H
performance.
During the in-sample period only three systems outperform the B/H scenario
of which the EPO_S1 was the only one common positive performer with the out-ofsample period. At the same time it was the top performer recording an annualized
return of 22.97% and a corresponding positive SHRP_R performance of 7.44,
comparing to the B/H scenario, which recorded an annual return of 14.02% and a
corresponding SHRP_R of 1.42 resulting in a BH PI of 63.82%.
The average performance of all systems was 8%, however if we calculated
only the average of the systems with positive out-of-sample performance we will end
up with an average return of 6.57% resulting in a B/H PI of -53.11% and an average
SHRP_R of -2.43, leading to a negative performance with respect to the B/H scenario.
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10. South Valley Cement Co SAE (SVCE.CA)
Table 16. Results of TA systems applied to SVCE.CA
Company Name
Annual B/H Return
Risk Free Rate
B/H Sharpe Ratio
Optimization
Technical System
SMA

501.10%

WMA

411.89%

EMA

460.91%

SPO_S1

251.57%

SPO_S2

319.49%

WPO_S1

288.68%

WPO_S2

597.33%

EPO_S1

211.76%

EPO_S2

387.51%

AMA

254.55%

South Valley Cement Co SAE (SVCE.CA)
304.79%
41.50%
8.80%
10.59%
90.03
10.10
Optimized (Out-of-sample)
Optimal Days (In-Sample)
Test Period's Annual Return
7/2/2001 – 6/29/2006
7/2/2006 – 12/31/2014
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
117.64%
64.41%
175.13
15 (9 – 99)
183.44%
54.21
15
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
195.34%
35.14%
174.20
16 (9 – 99)
370.65%
91.90
16
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
140.03%
51.22%
159.66
14 (9 – 99)
237.40%
64.39
14
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
40.92%
-17.46%
84.12
9 & 22 (9 –15 & 20 – 31)
-1.41%
14.20
9 & 22
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
23.39%
4.83%
114.14
11 & 20 (9 –15 & 20 – 31)
-43.65%
6.42
11 & 20
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
19.34%
-5.29%
97.60
13 & 21 (9 –15 & 20 – 31)
-53.40%
4.33
13 & 21
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
108.83%
95.98%
216.52
15 & 20 (9 –15 & 20 – 31)
162.22%
50.32
15 & 20
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
106.91%
-30.52%
70.45
9 & 20 (9 –15 & 20 – 31)
157.60%
45.81
9 & 20
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
23.40%
27.14%
168.55
9 & 20 (9 –15 & 20 – 31)
-43.62%
6.30
9 & 20
B/H PI
SHRP_R
MA
B/H PI
SHRP_R
MA
81.96%
-16.48%
80.19
(8 – 32)
97.48%
33.53
(8 – 32)

In table 16 above, we can observe that we have six systems recording superior
performance than a B/H scenario (SMA, WMA, EMA, SPO_S2, WPO_S2 and
EPO_S2), while the other four systems did poorly compared to the passive B/H.
During the in-sample period, also six systems outperformed the B/H scenario
of which four were common with the positive performers of the out-of-sample period
(SMA, WMA, EMA and WPO_S2), while the other two (EPO_S1 and AMA)
performed negatively during the out-of-sample period. The top performing system
was the WMA recording an annualized return of 195.34% comparing to a 41.50%
return recorded by the B/H scenario leading to a B/H PI of 370.65%. Also on a risk
adjusted measure the WMA recorded a SHRP_R of 91.90, which beats the 10.10
SHRP_R of the B/H.
On averaging all systems the annualized return was 85.78%, however if we
average only the out-of sample positive performers, we end up with an annualized
return of 101.44%, meaning a B/H PI of 144.41% and a corresponding average
SHRP_R of 45.59, which is definitely better than B/H.
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11. Heliopolis Co for Housing and Development SAE (HELI.CA)
Table 17. Results of TA systems applied to HELI.CA
Company Name
Annual B/H Return
Risk Free Rate
B/H Sharpe Ratio
Optimization
Technical System
SMA

105.43%

WMA

81.48%

EMA

104.84%

SPO_S1

72.74%

SPO_S2

112.00%

WPO_S1

130.13%

WPO_S2

161.69%

EPO_S1

68.34%

EPO_S2

95.58%

AMA

129.96%

Heliopolis Co for Housing and Development SAE (HELI.CA)
128.15%
55.67%
8.80%
10.59%
34.93
12.84
Optimized (Out-of-sample)
Optimal Days (In-Sample)
Test Period's Annual Return
7/2/2001 – 6/29/2006
7/2/2006 – 12/31/2014
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
36.95%
-17.73%
34.72
24 (9 – 99)
-33.63%
10.73
24
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
37.45%
-36.42%
26.63
34 (9 – 99)
-32.72%
11.10
34
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
100.66%
-18.19%
31.73
98 (9 – 99)
80.82%
35.29
98
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
45.98%
-43.63%
23.37
9 & 22 (9 –15 & 20 – 31)
-17.40%
14.21
9 & 22
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
20.15%
-12.60%
42.00
15 & 23 (9 –15 & 20 – 31)
-63.81%
3.80
15 & 23
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
112.43%
1.55%
44.09
9 & 22 (9 –15 & 20 – 31)
101.97%
42.22
9 & 22
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
201.80%
26.18%
62.69
12 & 20 (9 –15 & 20 – 31)
262.51%
80.40
12 & 20
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
119.18%
-46.67%
20.21
15 & 28 (9 –15 & 20 – 31)
114.10%
41.46
15 & 28
B/H PI
SHRP_R
MA Days
B/H PI
SHRP_R MA Days
81.53%
-25.42%
36.06
14 & 20 (9 –15 & 20 – 31)
46.46%
28.65
14 & 20
B/H PI
SHRP_R
MA
B/H PI
SHRP_R
MA
110.03%
1.41%
37.53
(8 – 32)
97.65%
37.49
(8 – 32)

In table 17, there are only three systems that outperform the B/H scenario
during the out-of-sample period and they are the WPO_S1, the WPO_S2 and the
AMA. Other TA systems have negatively performed in comparison to the passive
B/H scenario.
During the in-sample period, the three systems that performed positively
during the out-of-sample period also outperformed the B/H during the in-sample
period. Three more systems that underperformed during the out-of-sample period
have performed positively during the in-sample period, which are the EMA, the
EPO_S1 and the EPO_S2. The top performing system was the WPO_S2 recording an
annualized return of 201.80% comparing to a B/H return of 55.67% thus have a B/H
PI of 262.51%. Also it recorded a SHRP_R on its equity distribution of 80.40, which
is also superior to the 12.84 SHRP_R of the B/H scenario.
The average performance of all 10 systems was calculated to equal 86.62%,
however the average return of the out-of-sample positive performers is 141.42%, thus
a B/H PI of 154.04% and an average SHRP_R of 53.7, clearly beating the B/H.
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B. Summary and Interpretation
The average return across all TA systems when applied to the EGX30 in
sample period was 34.30% leading to a B/H PI of 249.78%, when compared to the
9.81% return of the B/H scenario. Also an average SHRP_R of 22.52, which was
much better than the -0.44, recorded by the B/H scenario. This result clearly shows
that the chosen sample of TA systems on average assuming an equally weighted
portfolio investment beat the passive B/H scenario. Non the less we needed to add
confirmation and robustness to our findings thus we implemented the same out-ofsample optimization and in-sample optimal testing to a set of 10 stocks that has a total
weight of market capitalization equaling 56.40% of the EGX30 Index.
To be able to easily observe the stocks results that were presented in the last
section we summarize them in tables 18 and 19. The first, which is table 18 below,
and it shows how each TA system have performed across each of the 10 stocks during
the in-sample period, in terms of better or worse performance than the benchmark
which is the passive B/H scenario over the period and also in terms of correct or false
advice on whether to use the proposed TA system or stick with the B/H scenario. The
performance whether better or worse is represented by green and red highlights, while
a wright and a wrong sign represents the advice.
Table 18. Summary of systems advice and performance status
Company Ticker
COMI

HRHO

GTHE

ESRS

MNHD

OCDI

EKHO

ORWE

SVCE

HELI

SMA

✓	
  

✓	
  

✕	
  

✓	
  

✓	
  

✓	
  

✓	
  

✕	
  

✓	
  

✓	
  

WMA

✓	
  

✓	
  

✕	
  

✓	
  

✓	
  

✓	
  

✓	
  

✕	
  

✓	
  

✓	
  

EMA

✓	
  

✓	
  

✕	
  

✓	
  

✓	
  

✓	
  

✓	
  

✓	
  

✓	
  

✕	
  

SPO_S1

✓	
  

✓	
  

✓	
  

✓	
  

✕	
  

✓	
  

✓	
  

✕	
  

✓	
  

✓	
  

SPO_S2

✓	
  

✓	
  

✓	
  

✕	
  

✕	
  

✕	
  

✓	
  

✓	
  

✕	
  

✓	
  

WPO_S1

✓	
  

✓	
  

✓	
  

✓	
  

✓	
  

✓	
  

✓	
  

✕	
  

✓	
  

✓	
  

WPO_S2

✓	
  

✕	
  

✓	
  

✓	
  

✓	
  

✓	
  

✕	
  

✓	
  

✓	
  

✓	
  

EPO_S1

✓	
  

✓	
  

✓	
  

✓	
  

✕	
  

✓	
  

✓	
  

✓	
  

✕	
  

✕	
  

EPO_S2

✓	
  

✓	
  

✓	
  

✕	
  

✕	
  

✓	
  

✓	
  

✕	
  

✕	
  

✕	
  

AMA

✕	
  

✓	
  

✓	
  

✕	
  

✓	
  

✓	
  

✓	
  

✓	
  

✕	
  

✓	
  

Technical System
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The second, that is table 19 below, shows the average results of each system
across all stocks and the total average of them, and also shows the return based
selection average, which is based on only choosing the systems that outperformed the
B/H scenario during the out-of-sample (optimization period). The return based
selection average is what an investor should end up with if he accurately followed the
technical analysis systems.
Table 19. Summary of Average TA systems' Results
Average of the 10 Stocks Sample
Annual B/H Return
24.76%
Risk Free Rate
10.59%
B/H Sharpe Ratio
4.42
Optimization
AVG of Optimal Days (In-sample)
Test Period's Annual Return
Technical System
7/2/2006 – 12/31/2014
B/H PI
SHRP_R
SMA
38.46%
55.30%
11.51
B/H PI
SHRP_R
WMA
54.50%
120.07%
18.61
B/H PI
SHRP_R
EMA
47.53%
91.95%
15.00
B/H PI
SHRP_R
SPO_S1
29.94%
20.92%
7.77
B/H PI
SHRP_R
SPO_S2
9.26%
-62.61%
-1.46
B/H PI
SHRP_R
WPO_S1
42.16%
70.26%
12.70
B/H PI
SHRP_R
WPO_S2
51.04%
106.10%
15.07
B/H PI
SHRP_R
EPO_S1
57.00%
130.18%
18.20
B/H PI
SHRP_R
EPO_S2
31.79%
28.39%
8.03
B/H PI
SHRP_R
AMA
43.91%
77.30%
12.54
B/H PI
SHRP_R
Simple Total Average
40.56%
63.79%
11.80
B/H PI
SHRP_R
Return Based Selection Average
47.35%
91.19%
15.86
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In table 19 above, we can clearly see that our sample of 10 stocks did add
robustness to our results of the EGX30 index since all systems have on average
beaten the passive B/H scenario, with the exception of the SPO_S2.
The average annualized B/H return was 24.76% and the corresponding
SHRP_R was 4.42, while the simple total average annual return (average of all
systems and across all stocks) was 40.56% and a corresponding SHRP_R of 11.80,
thus clearly superior than the B/H scenario having a B/H PI of 63.79%.
More importantly, the average annualized return based selection average,
which represents what investors should get if they followed only the systems that had
a superior out-of-sample performance of 47.35% with a corresponding SHRP_R of
15.86 and showing superior performance to the B/H scenario at a B/H PI of 91.19%.
Therefore, according to our findings we can state that our set of technical
analysis systems does add value to the investment decision-making process during our
period of testing, as it was clearly superior to a passive buy-and-hold scenario from
both a pure return and a risk adjusted return perspective.
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VI. CONCLUSION
A. Research Overview
This thesis addressed the controversy surrounding whether a pure application
of a preset technical analysis system could produce returns that outperform a passive
buy-and-hold strategy, and thus prove to be of value in the investment decisionmaking process. In the scope of empirically testing this research objective we
proposed a set of 10 popular technical analysis systems to test the ability of technical
analysis in producing superior profits in the Egyptian Stock Market. This research
contributes to the academic literature on the topic of technical analysis on two main
points, first is utilizing MetaStock professional as a representative of a true market
trading platform that easily makes our simulations much more realistic. And second,
is performing a test of technical analysis on the Egyptian stock market which
according to our review of the literature, has not been tested before.
While reviewing the past literature on the topic, it came to our attention that
nearly all the modern and recent studies have either used moving averages alone or in
addition to other tools to judge the profitability of technical analysis in their markets.
Also all studies having positive or mixed results had the moving average as one of the
best performers.
Backed up by our review of the literature, all our chosen technical trading
systems were either moving averages or based on combinations of moving averages.
These systems can be sorted into three main categories, moving averages, price
oscillators and the adaptive moving average. Three moving average systems were
tested and they were the simple, the weighted and exponential. Also we used the
simple, weighted and exponential average to deploy six price oscillator systems three
of which were triggered by a zero or mid-line crossing and thus exactly like a Dual
Moving Average Crossover (DMAC), while the other three resembled a Moving
Average Convergence Divergence (MACD) as they were triggered by crossing a 9day moving average (signal line) of the price oscillator.
In designing our empirical testing we wanted to make the testing as fair and as
robust as possible. Therefore, we conducted in-sample optimizations to preset the
parameters of our trading systems, and then out-of-sample testing was conducted.
Also we incorporated market specific details in our simulations thanks to MetaStock,
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such as trading transaction costs and money market rates at which idle cash is
deposited during times when the systems are out of the market. Furthermore, we
calculated the Sharpe ratio per simulation to see whether the systems’ returns were
superior to the buy-and-hold returns after risk adjustment. Finally, we performed a
robustness check by retesting each system 10 times on a sample of 10 stocks in the
same methodology to see whether our results will change or not.
We conducted a total of 220 simulations in optimization and testing for both
the EGX30 index and the sample of stocks, having an out-of-sample period starting
2nd of July 2006 and ending 31st of December 2014. The average annualized return
across all TA systems when applied to the EGX30 in sample period was 34.30%
leading to a B/H PI of 249.78%, when compared to the 9.81% return of the B/H
scenario. Also an average SHRP_R of 22.52, which was much better than the -0.44,
recorded by the B/H scenario. This result clearly shows that the TA systems on
average assuming an equally weighted portfolio investment in the EGX30 index beats
the passive B/H scenario.
Our robustness check also confirmed our results as the average annualized
B/H return was 24.76% and the corresponding SHRP_R was 4.42, while the simple
total average annual return (average of all systems and across all stocks) was 40.56%
and a corresponding SHRP_R of 11.80, thus clearly superior than the B/H scenario
having a B/H PI of 63.79%. More importantly, the average annualized return based
selection average, which represents what investors should get if they followed only
the systems that had a superior out-of-sample performance of 47.35% with a
corresponding SHRP_R of 15.86 and showing superior performance to the B/H
scenario at a B/H PI of 91.19%.
Although, our findings are limited to our chosen systems, market and period
of testing, it can be fair to state that under our testing parameters technical analysis
does add value to the investment decision-making process and that is clear from the
superior performance it had in comparison to the passive buy-and-hold strategy.
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B. Research Implications
This study has brought greater clarification regarding the ability of technical
analysis to consistently produce positive returns. Many investors use various trading
strategies when investing their retirement funds. As well as asset managers and other
retirement fund managers use technical trading strategies for investing in their
portfolios. Academic theorists have long questioned the controversial use of technical
analysis as a vehicle for stock trading. Many believe an investor will only lose money
when using technical analysis as an investment strategy, however in light of our
findings in this research investors in the Egyptian stock market can make use of our
proposed technical analysis systems if they feel comfortable with our testing
procedure and like the risk return profile they have seen in the findings section.
C. Recommendations for Future Research
One recommendation for future research aside from researching other
technical analysis systems and other markets, is researching the optimal optimization
period to use while presetting the technical analysis system. This means researching
different lengths of look-back and test periods for reaching the optimal parameters,
unfortunately this would take a lot of time and expertise in programming to be able to
perform such testing. Another important recommendation for future research is the
possible fixes that can be done in technical analysis systems to protect them from
their losses, as well as testing the effect of combinations of different triggers on the
systems’ profitability.
D. Concluding Statement
The search for a tool or trading system that creates consistent positive returns
has been the goal of countless individuals who have attempted to outperform the stock
market on a regular basis. Our results show what returns investors could have realized
over the tested period and therefore should influence the investor behavior in utilizing
them to achieve superior buy-and-hold performance. Nonetheless, the role of active
management cannot be undermined where surely the possibility of even far more
superior performance lies, however in light of our research we can state the there is
some value added when it comes to incorporating technical analysis in the investment
decision-making process.
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APPENDICES
A. Glossary
This glossary of terms below is meant to guide the reader in properly
understanding the terminology used in the simulation summary reports that are
outputted from the MetaStock professional software. The definition of terms is
quoted from the MetaStock user guide manual. We have conduced a total of 220
simulations, half of which were during an in-sample period were we optimize our
systems’ parameters and the other half is during an out-of-sample period were we test
our optimal parameters. We present here only 20 simulations of the EGX30 index as a
sample for the readers to look at all the parameters resulting from each technical
analysis system.
Summary Report
This report provides a detailed analysis of how a security performed with a given
system. It includes several categories of information, described below.
Summary: Lists the security tested, the system used, the date and time the test was
run, the number of bars included in the test and the date range tested.
Performance Profit: How much money this stock earned when traded with the
selected system. If this is a negative number, it indicates a loss.
Performance: A percentage measure of how much profit or loss the system generated
based on its initial equity. For example, if you start with $1000 and you end up with
$1100 performance is 10%.
Annualized Performance: Calculates what the Performance described above would
be if the simulation took one year. This value is reached by dividing a year (365 days)
by the number of days in the simulation, then multiplying that number times and the
performance.
Buy & Hold Profit: The profit resulting from a buy and hold strategy. A buy and
hold strategy assumes that you buy on the first day loaded in the chart and hold the
position. The profit is calculated by using the price on the first day and the price on
the last day. Entry commissions are taken into account.
Buy & Hold Performance: The percentage difference between the initial equity and
the final equity if you were to buy the first bar and sell the last. It’s just like Buy &
Hold Profit (described above), but it’s expressed as a percentage.
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Buy & Hold Annualized Performance: Shows how much the system would have
made or lost if they bought on the first day of the year and sold on the last day of the
year.
Trade Summary
Total Trades: The total number of trades generated by the test.
Note: This number only shows closed trades and does not include the open position
that may have existed at the end of the test. Therefore, it is possible for this value to
be zero if there was a single unclosed trade in the test.
Trade Efficiency: Your average total trade efficiency. Trade efficiency is the percent
of the potential profit your trades realized, and is explained in more detail below.
Average Profit/Average Loss: The test’s average profit and average loss.
Profitable Trades: Shows you how many profitable trades you had, and how many
were longs and how many were shorts. Also lists your profitable trades’ average
profit, highest profit, lowest profit and longest consecutive run.
Unprofitable Trades: Shows you how many unprofitable trades you had, and how
many were longs and how many were shorts. Also lists your unprofitable trades’
average loss, highest loss, lowest loss, and longest consecutive run.
Maximum Position Excursions Long Favorable: The most profit made by any
single long position.
Short Favorable: The most profit made by any single short position.
Long Adverse: The most equity lost by any single long position. Short Adverse The most equity lost by any single short position.
Trade Efficiency: The percentage of the total possible profit realized by the trade.
There are three types of trade efficiencies: long, short, and total. All three apply to
both long and short trades.
Long Trade Entry Efficiency: The highest price minus the entry price, divided by
highest price minus the lowest price.
Long Trade Exit Efficiency: The exit price minus the lowest price, divided by
highest price minus the lowest price.
Long Trade Total Efficiency: The exit price minus the entry price, divided by
highest price minus the lowest price.
Short Trade Entry Efficiency: The entry price minus the lowest price, divided by
highest price minus the lowest price.
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Short Trade Exit Efficiency: The highest price minus the exit price, divided by
highest price minus the lowest price.
Short Trade Total Efficiency: The entry price minus the exit price, divided by
highest price minus the lowest price.
Average Entry: The sum of the entry efficiencies for all trades divided by the
number of trades.
Average Exit: The sum of the exit efficiencies for all trades divided by the number of
trades.
Average Total: The sum of the total efficiencies for all trades divided by the number
of trades.
Average Long Entry: The sum of the long entry efficiencies for all trades divided by
the number of long entries.
Average Long Exit: The sum of the long exit efficiencies for all trades divided by the
number of long exits.
Average Long Total: The sum of the long efficiencies for all trades divided by the
number of long trades.
Average Short Entry: The sum of the short entry efficiencies for all trades divided
by the number of short entries.
Average Short Exit: The sum of the short exit efficiencies for all trades divided by
the number of short exits.
Average Short Total: The sum of the short efficiencies for all trades divided by the
number of short trades.
Performance Indices Buy & Hold Index: This index shows the percentage of the
system’s profits as compared to a buy and hold strategy’s profits. A value of “-50”
means that the system’s profits were one-half (i.e., 50%) of the buy/hold’s. A value of
“25” means that the system’s profits were 25% greater than the buy/hold’s. A value of
“0” means they were equal.
Ideally you want your system test to produce higher profits than a buy/hold strategy
(i.e., Buy/Hold Index is greater than zero); otherwise the trading may not be worth the
time and effort.
Profit/Loss Index: This index compares the Amount of Winning Trades to the
Amount of Losing Trades. The Profit/Loss Index combines Winning Trades and
Losing Trades into one value that ranges from -100 (worst) to +100 (best). A negative
index value indicates that the trading system produced a net loss. The higher the index
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value, the higher the Amount of Profitable Trades compared to the Amount of Losing
Trades.
Index

Profit/Loss

+100

High Profits/No Losses

+50

Profits > Losses

0

Profits = Losses

-50

Profits < Losses

-100

No Profits/High Losses

Reward/Risk Index: This index compares risk to reward. In this index, risk is
defined as the System Open Drawdown (Example: the lowest point of the equity line
below the initial investment). Reward is defined as the Total Net Profits (that is, the
final point on the equity line).
The Reward/Risk Index combines Reward and Risk into one value that ranges from 100 (riskiest) to +100 (safest). A Reward/Risk Index value of zero means that risk and
reward exactly offset each other.
Index

Reward Risk

+100

High

None

+50

Medium

Medium

0

None

None

-50

Low

Medium

-100

Very Low

High

Accounting Initial Equity: The amount of hypothetical money the system started
with.
Trade Profit: How much equity all the profitable trades earned.
Trade Loss: How much equity all the unprofitable trades lost.
Commissions: How much you paid to execute all the trades generated by the system.
Interest Credited: The amount of interest the system’s account earned during the
test.
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Interest Charged: The amount of interest the system paid for borrowing money
during the test.
Open Positions: The dollar value for any positions still open at the test’s end.
Final Equity: How much equity existed at the end of the test.
Account Variation Highest Account Balance: The greatest equity present during
the test.
Lowest Account Balance: The lowest value of the cash account.
Highest Portfolio Value: The most your open positions were worth simultaneously
during the test.
Highest Open Drawdown: The largest equity dip (relative to the initial investment)
based on open positions. This shows the maximum distance the equity line fell below
the initial investment when a position was still open.
Highest Closed Drawdown: The largest equity dip (relative to the initial investment)
based on closed out positions. This shows the maximum distance a closed-out
position fell below the initial investment amount.
Account Events
Shows you how many Margin Calls and Overdrafts occurred during the test.
Profitable Timing: Details, measured in bars, about the length of the profitable
trades that happened during the test Average, Longest, Shortest, and Total.
Unprofitable Timing: Details, measured in bars, about the length of the unprofitable
trades that happened during the test: Average, Longest, Shortest, and Total.
Out of Market Timing: The Longest and Average number of bars during which the
test didn’t have any open trades.
Optimization Variables: If you used any optimization variables (OPT1, OPT2, etc.),
their values during this test appear here.
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B. MetaStock Simulation Summary Reports
SIM_SMA_EGX_9806: The optimized in-sample simulation of the simple moving
average applied to the EGX30 index for the period 1/2/1998–6/29/2006.
Summary
SM_SMA
Simulation Date 9/9/2015 2:43:12 PM
Optimized System

Performance
Profit
Performance
Annualized Performance
Buy & Hold Profit
Buy & Hold Performance
Buy & Hold Annualized Performance

EGX_9806 (EGX_9806)
2103 Daily Bars 1/2/1998 Through 6/29/2006 (3100 Days)

$14650786.56
1465.08 %
172.50 %
$3759212.20
375.92 %
44.26 %

Trade Summary
Total Trades
Trade Efficiency
Average Profit/Average Loss

144
-9.27 %
4.05

Profitable Trades
Total
Long
Short

58
58
0

Average Profit
Highest Profit
Lowest Profit
Most Consecutive

$385082.28
$3814928.02
$809.65
6

Unprofitable Trades
Total
Long
Short

86
86
0

Average Loss
Highest Loss
Lowest Loss
Most Consecutive

$-95024.90
$-748627.90
$-1302.84
8

Maximum Position Excursions
Long Favorable
$4765201.32
Short Favorable
$0.00
Long Adverse
$-854302.82
Short Adverse
$0.00
Trade Efficiency
Average Entry
Average Exit
Average Total

50.76 %
39.97 %
-9.27 %

Average Long Entry
Average Long Exit
Average Long Total

50.76 %
39.97 %
-9.27 %

Average Short Entry

0.00 %

Average Short Exit
Average Short Total

0.00 %
0.00 %

Performance Indices
Buy & Hold Index
Profit/Loss Index
Reward/Risk Index
Accounting
Initial Equity
Trade Profit
Trade Loss
Commissions
Interest Credited
Interest Charged
Final Equity
Open Positions
Account Variation
Highest Account Balance
Lowest Account Balance
Highest Portfolio Value
Highest Open Drawdown
Highest Closed Drawdown

289.73 %
64.19 %
99.75 %

$1000000.00
$22334772.18
$-8172141.43
$2889579.34
$488155.81
$0.00
$15650786.56
$0.00

$17390033.82
$10.21
$18335113.43
$-37170.81
$-34833.36

Account Events
Margin Calls
Overdrafts

0
0

Profitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

13
32
6
806

Unprofitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

3
10
1
300

Out of Market Timing
Average
Longest
Total
Optimization Variables
OPT1
OPT2
OPT3
OPT4
OPT5
OPT6
OPT7
OPT8
OPT9
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6
35
997

9.00
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A

SIM_SMA_9_EGX_0614: The optimal out-of-sample simulation of the simple
moving average applied to the EGX30 index for the period 7/2/2006–12/31/2014.
Summary
SM_SMA_9D
Simulation Date 9/9/2015 3:20:09 PM
Performance
Profit
Performance
Annualized Performance
Buy & Hold Profit
Buy & Hold Performance
Buy & Hold Annualized Performance

EGX_0614 (EGX_0614)
2047 Daily Bars 7/2/2006 Through 12/31/2014 (3104 Days)

$6095785.88
609.58 %
71.68 %
$834002.31
83.40 %
9.81 %

Trade Summary
Total Trades
Trade Efficiency
Average Profit/Average Loss

152
-3.09 %
2.67

Profitable Trades
Total
Long
Short

72
72
0

Average Profit
Highest Profit
Lowest Profit
Most Consecutive

$137564.51
$925760.21
$1227.06
5

Unprofitable Trades
Total
Long
Short

80
80
0

Average Loss
Highest Loss
Lowest Loss
Most Consecutive

$-51480.74
$-187366.69
$-493.00
6

Maximum Position Excursions
Long Favorable
$1079269.20
Short Favorable
$0.00
Long Adverse
$-263916.45
Short Adverse
$0.00
Trade Efficiency
Average Entry
Average Exit
Average Total

58.31 %
38.60 %
-3.09 %

Average Long Entry
Average Long Exit
Average Long Total

58.31 %
38.60 %
-3.09 %

Average Short Entry

0.00 %

Average Short Exit
Average Short Total

0.00 %
0.00 %

Performance Indices
Buy & Hold Index
Profit/Loss Index
Reward/Risk Index
Accounting
Initial Equity
Trade Profit
Trade Loss
Commissions
Interest Credited
Interest Charged
Final Equity
Open Positions
Account Variation
Highest Account Balance
Lowest Account Balance
Highest Portfolio Value
Highest Open Drawdown
Highest Closed Drawdown

630.91 %
59.68 %
99.32 %

$1000000.00
$9904644.93
$-4118459.10
$1793304.64
$309600.06
$0.00
$7095785.88
$0.00

$7200856.97
$34.21
$7372476.92
$-41626.55
$-40585.10

Account Events
Margin Calls
Overdrafts

0
0

Profitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

12
31
4
913

Unprofitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

3
9
1
257

Out of Market Timing
Average
Longest
Total
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5
32
877

SIM_WMA_EGX_9806: The optimized in-sample simulation of the weighted
moving average applied to the EGX30 index for the period 1/2/1998–6/29/2006.
Summary
SM_WMA
Simulation Date 9/9/2015 3:22:57 PM
Optimized System

Performance
Profit
Performance
Annualized Performance
Buy & Hold Profit
Buy & Hold Performance
Buy & Hold Annualized Performance
Trade Summary
Total Trades
Trade Efficiency
Average Profit/Average Loss

EGX_9806 (EGX_9806)
2103 Daily Bars 1/2/1998 Through 6/29/2006 (3100 Days)

$22491819.18
2249.18 %
264.82 %
$3759212.20
375.92 %
44.26 %

186
-12.84 %
4.20

Profitable Trades
Total
Long
Short

77
77
0

Average Profit
Highest Profit
Lowest Profit
Most Consecutive

$428468.80
$5474825.21
$531.78
9

Unprofitable Trades
Total
Long
Short

109
109
0

Average Loss
Highest Loss
Lowest Loss
Most Consecutive

$-102004.37
$-1049594.23
$-1588.42
7

Maximum Position Excursions
Long Favorable
$6807333.72
Short Favorable
$0.00
Long Adverse
$-1049594.23
Short Adverse
$0.00
Trade Efficiency
Average Entry
Average Exit
Average Total

45.72 %
41.44 %
-12.84 %

Average Long Entry
Average Long Exit
Average Long Total

45.72 %
41.44 %
-12.84 %

Average Short Entry
Average Short Exit
Average Short Total

0.00 %
0.00 %
0.00 %

Performance Indices
Buy & Hold Index
Profit/Loss Index
Reward/Risk Index
Accounting
Initial Equity
Trade Profit
Trade Loss
Commissions
Interest Credited
Interest Charged
Final Equity
Open Positions
Account Variation
Highest Account Balance
Lowest Account Balance
Highest Portfolio Value
Highest Open Drawdown
Highest Closed Drawdown

498.31 %
66.92 %
99.92 %

$1000000.00
$32992097.83
$-11118476.64
$4526249.78
$618197.99
$0.00
$23491819.18
$0.00

$24619652.43
$6.57
$25710176.95
$-17680.97
$-15294.08

Account Events
Margin Calls
Overdrafts

0
0

Profitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

10
29
4
838

Unprofitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

2
11
0
261

Out of Market Timing
Average
Longest
Total

5
32
1004

Optimization Variables
OPT1
OPT2
OPT3
OPT4
OPT5
OPT6
OPT7
OPT8

9.00
N/A
N/A
N/A
N/A
N/A
N/A
N/A

OPT9

N/A
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SIM_WMA_9_EGX_0614: The optimal out-of-sample simulation of the weighted
moving average applied to the EGX30 index for the period 7/2/2006–12/31/2014.
Summary
SM_WMA_9D
Simulation Date 9/9/2015 3:32:58 PM
Performance
Profit
Performance
Annualized Performance
Buy & Hold Profit
Buy & Hold Performance
Buy & Hold Annualized Performance

EGX_0614 (EGX_0614)
2047 Daily Bars 7/2/2006 Through 12/31/2014 (3104 Days)

$5130218.55
513.02 %
60.33 %
$834002.31
83.40 %
9.81 %

Trade Summary
Total Trades
Trade Efficiency
Average Profit/Average Loss

179
-5.00 %
2.63

Profitable Trades
Total
Long
Short

82
82
0

Average Profit
Highest Profit
Lowest Profit
Most Consecutive

$107790.71
$508000.93
$1049.56
4

Unprofitable Trades
Total
Long
Short

97
97
0

Average Loss
Highest Loss
Lowest Loss
Most Consecutive

$-41005.86
$-181568.71
$-3401.90
5

Maximum Position Excursions
Long Favorable
$609043.14
Short Favorable
$0.00
Long Adverse
$-219512.60
Short Adverse
$0.00
Trade Efficiency
Average Entry
Average Exit
Average Total

56.00 %
39.00 %
-5.00 %

Average Long Entry
Average Long Exit
Average Long Total

56.00 %
39.00 %
-5.00 %

Average Short Entry

0.00 %

Average Short Exit
Average Short Total

0.00 %
0.00 %

Performance Indices
Buy & Hold Index
Profit/Loss Index
Reward/Risk Index
Accounting
Initial Equity
Trade Profit
Trade Loss
Commissions
Interest Credited
Interest Charged
Final Equity
Open Positions
Account Variation
Highest Account Balance
Lowest Account Balance
Highest Portfolio Value
Highest Open Drawdown
Highest Closed Drawdown

515.13 %
56.33 %
99.20 %

$1000000.00
$8838837.84
$-3977568.87
$1789945.13
$268949.59
$0.00
$6130218.55
$0.00

$6130218.55
$25.15
$6215897.10
$-41626.55
$-40585.10

Account Events
Margin Calls
Overdrafts

0
0

Profitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

10
26
4
881

Unprofitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

2
7
1
271

Out of Market Timing
Average
Longest
Total

86

4
21
895

SIM_EMA_EGX_9806: The optimized in-sample simulation of the exponential
moving average applied to the EGX30 index for the period 1/2/1998–6/29/2006.
Summary
SM_EMA
Simulation Date 9/9/2015 3:46:13 PM
Optimized System

Performance
Profit
Performance
Annualized Performance
Buy & Hold Profit
Buy & Hold Performance
Buy & Hold Annualized Performance
Trade Summary
Total Trades
Trade Efficiency
Average Profit/Average Loss

EGX_9806 (EGX_9806)
2103 Daily Bars 1/2/1998 Through 6/29/2006 (3100 Days)

$14554926.83
1455.49 %
171.37 %
$3759212.20
375.92 %
44.26 %

149
-16.29 %
6.01

Profitable Trades
Total
Long
Short

51
51
0

Average Profit
Highest Profit
Lowest Profit
Most Consecutive

$407304.05
$4316411.95
$807.53
3

Unprofitable Trades
Total
Long
Short

98
98
0

Average Loss
Highest Loss
Lowest Loss
Most Consecutive

$-67719.33
$-728310.95
$-1299.79
11

Maximum Position Excursions
Long Favorable
$5241174.56
Short Favorable
$0.00
Long Adverse
$-787551.65
Short Adverse
$0.00
Trade Efficiency
Average Entry
Average Exit
Average Total

44.85 %
38.86 %
-16.29 %

Average Long Entry
Average Long Exit
Average Long Total

44.85 %
38.86 %
-16.29 %

Average Short Entry
Average Short Exit
Average Short Total

0.00 %
0.00 %
0.00 %

Performance Indices
Buy & Hold Index
Profit/Loss Index
Reward/Risk Index
Accounting
Initial Equity
Trade Profit
Trade Loss
Commissions
Interest Credited
Interest Charged
Final Equity
Open Positions
Account Variation
Highest Account Balance
Lowest Account Balance
Highest Portfolio Value
Highest Open Drawdown
Highest Closed Drawdown

287.18 %
68.68 %
99.78 %

$1000000.00
$20772506.53
$-6636494.76
$2368067.56
$418915.06
$0.00
$15554926.83
$0.00

$16925004.26
$15.05
$17842895.62
$-32657.05
$-30308.41

Account Events
Margin Calls
Overdrafts

0
0

Profitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

16
50
5
852

Unprofitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

2
10
1
279

Out of Market Timing
Average
Longest
Total
Optimization Variables
OPT1
OPT2
OPT3
OPT4
OPT5
OPT6
OPT7
OPT8
OPT9
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6
34
972

9.00
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A

SIM_EMA_9_EGX_0614: The optimal out-of-sample simulation of the exponential
moving average applied to the EGX30 index for the period 7/2/2006–12/31/2014.
Summary
SM_EMA_9D
Simulation Date 9/9/2015 3:53:08 PM
Performance
Profit
Performance
Annualized Performance
Buy & Hold Profit
Buy & Hold Performance
Buy & Hold Annualized Performance

EGX_0614 (EGX_0614)
2047 Daily Bars 7/2/2006 Through 12/31/2014 (3104 Days)

$6668792.87
666.88 %
78.42 %
$834002.31
83.40 %
9.81 %

Trade Summary
Total Trades
Trade Efficiency
Average Profit/Average Loss

149
-6.38 %
2.93

Profitable Trades
Total
Long
Short

71
71
0

Average Profit
Highest Profit
Lowest Profit
Most Consecutive

$143622.84
$1050106.15
$633.72
5

Unprofitable Trades
Total
Long
Short

78
78
0

Average Loss
Highest Loss
Lowest Loss
Most Consecutive

$-49066.56
$-198975.31
$-2118.98
5

Maximum Position Excursions
Long Favorable
$1167365.34
Short Favorable
$0.00
Long Adverse
$-277524.08
Short Adverse
$0.00
Trade Efficiency
Average Entry
Average Exit
Average Total

56.43 %
37.19 %
-6.38 %

Average Long Entry
Average Long Exit
Average Long Total

56.43 %
37.19 %
-6.38 %

Average Short Entry

0.00 %

Average Short Exit
Average Short Total

0.00 %
0.00 %

Performance Indices
Buy & Hold Index
Profit/Loss Index
Reward/Risk Index
Accounting
Initial Equity
Trade Profit
Trade Loss
Commissions
Interest Credited
Interest Charged
Final Equity
Open Positions
Account Variation
Highest Account Balance
Lowest Account Balance
Highest Portfolio Value
Highest Open Drawdown
Highest Closed Drawdown

699.61 %
63.54 %
99.38 %

$1000000.00
$10197221.48
$-3827191.74
$1745279.29
$298763.14
$0.00
$7668792.87
$0.00

$7668792.87
$70.49
$7831463.81
$-41626.55
$-40585.10

Account Events
Margin Calls
Overdrafts

0
0

Profitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

13
52
3
972

Unprofitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

2
10
1
213

Out of Market Timing
Average
Longest
Total

88

5
41
862

SIM_SPO_S1_EGX_9806: The optimized in-sample simulation of the simple price
oscillator with zero or mid-line crossing applied to the EGX30 index for the period
1/2/1998–6/29/2006.
Summary
SM_SPO_S1
Simulation Date 9/9/2015 4:18:53 PM
Optimized System

Performance
Profit
Performance
Annualized Performance
Buy & Hold Profit
Buy & Hold Performance
Buy & Hold Annualized Performance

EGX_9806 (EGX_9806)
2103 Daily Bars 1/2/1998 Through 6/29/2006 (3100 Days)

$7978561.13
797.86 %
93.94 %
$3759212.20
375.92 %
44.26 %

Trade Summary
Total Trades
Trade Efficiency
Average Profit/Average Loss

38
-6.44 %
13.39

Profitable Trades
Total
Long
Short

15
15
0

Average Profit
Highest Profit
Lowest Profit
Most Consecutive

$581389.81
$3876967.94
$668.82
5

Unprofitable Trades
Total
Long
Short

23
23
0

Average Loss
Highest Loss
Lowest Loss
Most Consecutive

$-43409.42
$-113114.56
$-7402.69
4

Maximum Position Excursions
Long Favorable
$4789790.44
Short Favorable
$0.00
Long Adverse
$-792490.57
Short Adverse
$0.00
Trade Efficiency
Average Entry
Average Exit
Average Total

61.22 %
32.34 %
-6.44 %

Average Long Entry
Average Long Exit
Average Long Total

61.22 %
32.34 %
-6.44 %

Average Short Entry

0.00 %

Average Short Exit
Average Short Total

0.00 %
0.00 %

Performance Indices
Buy & Hold Index
Profit/Loss Index
Reward/Risk Index
Accounting
Initial Equity
Trade Profit
Trade Loss
Commissions
Interest Credited
Interest Charged
Final Equity
Open Positions

112.24 %
88.88 %
98.33 %

$1000000.00
$8720847.09
$-998416.72
$344025.85
$256130.76
$0.00
$8978561.13
$0.00

Account Variation
Highest Account Balance
Lowest Account Balance
Highest Portfolio Value
Highest Open Drawdown
Highest Closed Drawdown

$9048970.14
$35.64
$10607293.81
$-135181.72
$-136910.63

Account Events
Margin Calls
Overdrafts

0
0

Profitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

52
183
4
789

Unprofitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

15
31
1
365

Out of Market Timing
Average
Longest
Total

23
60
949

Optimization Variables
OPT1
OPT2
OPT3
OPT4
OPT5
OPT6

31.00
12.00
N/A
N/A
N/A
N/A

OPT7
OPT8
OPT9

N/A
N/A
N/A
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SIM_SPO_S1_12/31_EGX_0614: The optimal out-of-sample simulation of the
simple price oscillator with zero or mid-line crossing applied to the EGX30 index for
the period 7/2/2006–12/31/2014.
Summary
SM_SPO_S1_31/12D
Simulation Date 9/10/2015 3:17:59 PM
Performance
Profit
Performance
Annualized Performance
Buy & Hold Profit
Buy & Hold Performance
Buy & Hold Annualized Performance

EGX_0614 (EGX_0614)
2047 Daily Bars 7/2/2006 Through 12/31/2014 (3104 Days)

$2179718.83
217.97 %
25.63 %
$834002.31
83.40 %
9.81 %

Trade Summary
Total Trades
Trade Efficiency
Average Profit/Average Loss

28
4.41 %
1.99

Profitable Trades
Total
Long
Short

15
15
0

Average Profit
Highest Profit
Lowest Profit
Most Consecutive

$232431.41
$839745.18
$427.05
3

Unprofitable Trades
Total
Long
Short

13
13
0

Average Loss
Highest Loss
Lowest Loss
Most Consecutive

$-116876.27
$-331392.42
$-16250.66
2

Maximum Position Excursions
Long Favorable
$1306195.98
Short Favorable
$0.00
Long Adverse
$-331713.81
Short Adverse
$0.00
Trade Efficiency
Average Entry
Average Exit
Average Total

62.83 %
41.58 %
4.41 %

Average Long Entry
Average Long Exit
Average Long Total

62.83 %
41.58 %
4.41 %

Average Short Entry
Average Short Exit
Average Short Total

0.00 %
0.00 %
0.00 %

Performance Indices
Buy & Hold Index
Profit/Loss Index
Reward/Risk Index
Accounting
Initial Equity
Trade Profit
Trade Loss
Commissions
Interest Credited
Interest Charged
Final Equity
Open Positions
Account Variation
Highest Account Balance
Lowest Account Balance
Highest Portfolio Value
Highest Open Drawdown
Highest Closed Drawdown

161.36 %
58.93 %
99.64 %

$1000000.00
$3486471.13
$-1519391.48
$238468.43
$212639.18
$0.00
$3179718.83
$0.00

$3481871.07
$330.30
$3826491.76
$-7769.55
$0.00

Account Events
Margin Calls
Overdrafts

0
0

Profitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

61
132
9
923

Unprofitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

21
32
5
277

Out of Market Timing
Average
Longest
Total
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28
151
847

SIM_SPO_S2_EGX_9806: The optimized in-sample simulation of the simple price
oscillator with signal line crossing applied to the EGX30 index for the period
1/2/1998–6/29/2006.
Summary
SM_SPO_S2
Simulation Date 9/10/2015 3:22:22 PM
Optimized System

Performance
Profit
Performance
Annualized Performance
Buy & Hold Profit
Buy & Hold Performance
Buy & Hold Annualized Performance

EGX_9806 (EGX_9806)
2103 Daily Bars 1/2/1998 Through 6/29/2006 (3100 Days)

$8210575.30
821.06 %
96.67 %
$3759212.20
375.92 %
44.26 %

Trade Summary
Total Trades
Trade Efficiency
Average Profit/Average Loss

55
9.18 %
2.54

Profitable Trades
Total
Long
Short

31
31
0

Average Profit
Highest Profit
Lowest Profit
Most Consecutive

$365381.80
$2573374.04
$1306.50
8

Unprofitable Trades
Total
Long
Short

24
24
0

Average Loss
Highest Loss
Lowest Loss
Most Consecutive

$-144126.96
$-1225263.42
$-2868.65
5

Maximum Position Excursions
Long Favorable
$2896309.24
Short Favorable
$0.00
Long Adverse
$-1603661.64
Short Adverse
$0.00
Trade Efficiency
Average Entry
Average Exit
Average Total

65.47 %
43.72 %
9.18 %

Average Long Entry
Average Long Exit
Average Long Total

65.47 %
43.72 %
9.18 %

Average Short Entry

0.00 %

Average Short Exit
Average Short Total

0.00 %
0.00 %

Performance Indices
Buy & Hold Index
Profit/Loss Index
Reward/Risk Index
Accounting
Initial Equity
Trade Profit
Trade Loss
Commissions
Interest Credited
Interest Charged
Final Equity
Open Positions

118.41 %
70.36 %
98.43 %

$1000000.00
$11326835.71
$-3459046.94
$656253.38
$342786.53
$0.00
$9210575.30
$0.00

Account Variation
Highest Account Balance
Lowest Account Balance
Highest Portfolio Value
Highest Open Drawdown
Highest Closed Drawdown

$10896393.12
$50.04
$11308803.01
$-130786.20
$-123757.80

Account Events
Margin Calls
Overdrafts

0
0

Profitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

24
54
2
754

Unprofitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

14
29
1
338

Out of Market Timing
Average
Longest
Total

17
38
1011

Optimization Variables
OPT1
OPT2
OPT3
OPT4
OPT5
OPT6

31.00
11.00
N/A
N/A
N/A
N/A

OPT7
OPT8
OPT9

N/A
N/A
N/A
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SIM_SPO_S2_11/31_EGX_0614: The optimal out-of-sample simulation of the
simple price oscillator with signal line crossing applied to the EGX30 index for the
period 7/2/2006–12/31/2014.
Summary
SM_SPO_S2_31/11D
Simulation Date 9/10/2015 3:26:18 PM
Performance
Profit
Performance
Annualized Performance
Buy & Hold Profit
Buy & Hold Performance
Buy & Hold Annualized Performance

EGX_0614 (EGX_0614)
2047 Daily Bars 7/2/2006 Through 12/31/2014 (3104 Days)

$1123981.28
112.40 %
13.22 %
$834002.31
83.40 %
9.81 %

Trade Summary
Total Trades
Trade Efficiency
Average Profit/Average Loss

64
0.76 %
1.85

Profitable Trades
Total
Long
Short

29
29
0

Average Profit
Highest Profit
Lowest Profit
Most Consecutive

$94621.25
$360264.54
$1968.74
4

Unprofitable Trades
Total
Long
Short

35
35
0

Average Loss
Highest Loss
Lowest Loss
Most Consecutive

$-51245.70
$-202013.95
$-1591.50
5

Maximum Position Excursions
Long Favorable
$415282.03
Short Favorable
$0.00
Long Adverse
$-202013.95
Short Adverse
$0.00
Trade Efficiency
Average Entry
Average Exit
Average Total

58.74 %
42.02 %
0.76 %

Average Long Entry
Average Long Exit
Average Long Total

58.74 %
42.02 %
0.76 %

Average Short Entry
Average Short Exit
Average Short Total

0.00 %
0.00 %
0.00 %

Performance Indices
Buy & Hold Index
Profit/Loss Index
Reward/Risk Index
Accounting
Initial Equity
Trade Profit
Trade Loss
Commissions
Interest Credited
Interest Charged
Final Equity
Open Positions
Account Variation
Highest Account Balance
Lowest Account Balance
Highest Portfolio Value
Highest Open Drawdown
Highest Closed Drawdown

34.77 %
38.52 %
82.19 %

$1000000.00
$2744016.35
$-1793599.67
$345338.10
$173564.60
$0.00
$2123981.28
$0.00

$2225597.74
$69.99
$2253878.01
$-243559.68
$-242921.30

Account Events
Margin Calls
Overdrafts

0
0

Profitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

21
47
5
615

Unprofitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

11
24
0
389

Out of Market Timing
Average
Longest
Total
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16
60
1043

SIM_WPO_S1_EGX_9806: The optimized in-sample simulation of the weighted
price oscillator with zero or mid-line crossing applied to the EGX30 index for the
period 1/2/1998–6/29/2006.
Summary
SM_WPO_S1
Simulation Date 9/10/2015 3:35:06 PM
Optimized System

Performance
Profit
Performance
Annualized Performance
Buy & Hold Profit
Buy & Hold Performance
Buy & Hold Annualized Performance
Trade Summary
Total Trades
Trade Efficiency
Average Profit/Average Loss

EGX_9806 (EGX_9806)
2103 Daily Bars 1/2/1998 Through 6/29/2006 (3100 Days)

$6866741.97
686.67 %
80.85 %
$3759212.20
375.92 %
44.26 %

42
-16.99 %
9.87

Profitable Trades
Total
Long
Short

14
14
0

Average Profit
Highest Profit
Lowest Profit
Most Consecutive

$593741.65
$2008891.34
$9657.86
4

Unprofitable Trades
Total
Long
Short

28
28
0

Average Loss
Highest Loss
Lowest Loss
Most Consecutive

$-60150.26
$-515914.73
$-2509.24
13

Maximum Position Excursions
Long Favorable
$2880840.12
Short Favorable
$0.00
Long Adverse
$-731196.55
Short Adverse
$0.00
Trade Efficiency
Average Entry
Average Exit
Average Total

55.59 %
27.42 %
-16.99 %

Average Long Entry
Average Long Exit
Average Long Total

55.59 %
27.42 %
-16.99 %

Average Short Entry

0.00 %

Average Short Exit
Average Short Total

0.00 %
0.00 %

Performance Indices
Buy & Hold Index
Profit/Loss Index
Reward/Risk Index
Accounting
Initial Equity
Trade Profit
Trade Loss
Commissions
Interest Credited
Interest Charged
Final Equity
Open Positions

82.66 %
80.30 %
97.37 %

$1000000.00
$8312383.12
$-1684207.38
$343194.82
$238566.22
$0.00
$7866741.97
$0.00

Account Variation
Highest Account Balance
Lowest Account Balance
Highest Portfolio Value
Highest Open Drawdown
Highest Closed Drawdown

$8336882.78
$4.10
$9590043.67
$-185727.11
$-187355.65

Account Events
Margin Calls
Overdrafts

0
0

Profitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

55
105
21
771

Unprofitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

13
30
1
389

Out of Market Timing
Average
Longest
Total
Optimization Variables
OPT1
OPT2
OPT3
OPT4
OPT5
OPT6
OPT7
OPT8
OPT9
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21
60
943

31.00
13.00
N/A
N/A
N/A
N/A
N/A
N/A
N/A

SIM_WPO_S1_12/31_EGX_0614: The optimal out-of-sample simulation of the
weighted price oscillator with zero or mid-line crossing applied to the EGX30 index
for the period 7/2/2006–12/31/2014.
Summary
SM_WPO_S1_31/13D
Simulation Date 9/10/2015 3:40:51 PM
Performance
Profit
Performance
Annualized Performance
Buy & Hold Profit
Buy & Hold Performance
Buy & Hold Annualized Performance

EGX_0614 (EGX_0614)
2047 Daily Bars 7/2/2006 Through 12/31/2014 (3104 Days)

$1755270.60
175.53 %
20.64 %
$834002.31
83.40 %
9.81 %

Trade Summary
Total Trades
Trade Efficiency
Average Profit/Average Loss

36
-5.15 %
1.88

Profitable Trades
Total
Long
Short

18
18
0

Average Profit
Highest Profit
Lowest Profit
Most Consecutive

$184970.65
$589896.79
$2768.45
5

Unprofitable Trades
Total
Long
Short

18
18
0

Average Loss
Highest Loss
Lowest Loss
Most Consecutive

$-98371.26
$-206815.98
$-26733.33
3

Maximum Position Excursions
Long Favorable
$842090.06
Short Favorable
$0.00
Long Adverse
$-243763.91
Short Adverse
$0.00
Trade Efficiency
Average Entry
Average Exit
Average Total

62.81 %
32.03 %
-5.15 %

Average Long Entry
Average Long Exit
Average Long Total

62.81 %
32.03 %
-5.15 %

Average Short Entry

0.00 %

Average Short Exit
Average Short Total

0.00 %
0.00 %

Performance Indices
Buy & Hold Index
Profit/Loss Index
Reward/Risk Index
Accounting
Initial Equity
Trade Profit
Trade Loss
Commissions
Interest Credited
Interest Charged
Final Equity
Open Positions
Account Variation
Highest Account Balance
Lowest Account Balance
Highest Portfolio Value
Highest Open Drawdown
Highest Closed Drawdown

110.46 %
49.78 %
99.56 %

$1000000.00
$3329471.74
$-1770682.73
$280497.56
$196481.60
$0.00
$2755270.60
$0.00

$3088765.79
$53.90
$3440582.33
$-7769.55
$0.00

Account Events
Margin Calls
Overdrafts

0
0

Profitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

50
90
19
905

Unprofitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

16
31
3
289

Out of Market Timing
Average
Longest
Total

94

22
83
853

SIM_WPO_S2_EGX_9806: The optimized in-sample simulation of the weighted
price oscillator with signal line crossing applied to the EGX30 index for the period
1/2/1998–6/29/2006.
Summary
SM_WPO_S2
Simulation Date 9/10/2015 3:47:43 PM
Optimized System

Performance
Profit
Performance
Annualized Performance
Buy & Hold Profit
Buy & Hold Performance
Buy & Hold Annualized Performance

EGX_9806 (EGX_9806)
2103 Daily Bars 1/2/1998 Through 6/29/2006 (3100 Days)

$7508856.11
750.89 %
88.41 %
$3759212.20
375.92 %
44.26 %

Trade Summary
Total Trades
Trade Efficiency
Average Profit/Average Loss

89
-0.48 %
2.05

Profitable Trades
Total
Long
Short

47
47
0

Average Profit
Highest Profit
Lowest Profit
Most Consecutive

$267369.55
$1895843.81
$12736.16
7

Unprofitable Trades
Total
Long
Short

42
42
0

Average Loss
Highest Loss
Lowest Loss
Most Consecutive

$-130161.28
$-1350701.17
$-865.60
5

Maximum Position Excursions
Long Favorable
$2589019.73
Short Favorable
$0.00
Long Adverse
$-1351128.54
Short Adverse
$0.00
Trade Efficiency
Average Entry
Average Exit
Average Total

56.86 %
42.67 %
-0.48 %

Average Long Entry
Average Long Exit
Average Long Total

56.86 %
42.67 %
-0.48 %

Average Short Entry

0.00 %

Average Short Exit
Average Short Total

0.00 %
0.00 %

Performance Indices
Buy & Hold Index
Profit/Loss Index
Reward/Risk Index
Accounting
Initial Equity
Trade Profit
Trade Loss
Commissions
Interest Credited
Interest Charged
Final Equity
Open Positions

99.75 %
57.87 %
99.42 %

$1000000.00
$12566368.78
$-5466773.86
$1155436.16
$409261.18
$0.00
$8508856.11
$0.00

Account Variation
Highest Account Balance
Lowest Account Balance
Highest Portfolio Value
Highest Open Drawdown
Highest Closed Drawdown

$11208735.62
$8.25
$11866899.54
$-43593.49
$-13505.43

Account Events
Margin Calls
Overdrafts

0
0

Profitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

15
34
8
732

Unprofitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

7
24
1
332

Out of Market Timing
Average
Longest
Total

11
32
1039

Optimization Variables
OPT1
OPT2
OPT3
OPT4
OPT5

25.00
10.00
N/A
N/A
N/A

OPT6
OPT7
OPT8
OPT9

N/A
N/A
N/A
N/A
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SIM_WPO_S2_10/25_EGX_0614: The optimal out-of-sample simulation of the
weighted price oscillator with signal line crossing applied to the EGX30 index for the
period 7/2/2006–12/31/2014.
Summary
SM_WPO_S2_25/10D
Simulation Date 9/10/2015 3:51:56 PM
Performance
Profit
Performance
Annualized Performance
Buy & Hold Profit
Buy & Hold Performance
Buy & Hold Annualized Performance

EGX_0614 (EGX_0614)
2047 Daily Bars 7/2/2006 Through 12/31/2014 (3104 Days)

$122916.74
12.29 %
1.45 %
$834002.31
83.40 %
9.81 %

Trade Summary
Total Trades
Trade Efficiency
Average Profit/Average Loss

96
-7.44 %
1.47

Profitable Trades
Total
Long
Short

39
39
0

Average Profit
Highest Profit
Lowest Profit
Most Consecutive

$48241.19
$182830.33
$795.42
3

Unprofitable Trades
Total
Long
Short

57
57
0

Average Loss
Highest Loss
Lowest Loss
Most Consecutive

$-32897.39
$-208704.55
$-764.34
7

Maximum Position Excursions
Long Favorable
$187664.64
Short Favorable
$0.00
Long Adverse
$-209154.83
Short Adverse
$0.00
Trade Efficiency
Average Entry
Average Exit
Average Total

55.38 %
37.18 %
-7.44 %

Average Long Entry
Average Long Exit
Average Long Total

55.38 %
37.18 %
-7.44 %

Average Short Entry

0.00 %

Average Short Exit
Average Short Total

0.00 %
0.00 %

Performance Indices
Buy & Hold Index
Profit/Loss Index
Reward/Risk Index
Accounting
Initial Equity
Trade Profit
Trade Loss
Commissions
Interest Credited
Interest Charged
Final Equity
Open Positions
Account Variation
Highest Account Balance
Lowest Account Balance
Highest Portfolio Value
Highest Open Drawdown
Highest Closed Drawdown

-85.26 %
6.15 %
22.33 %

$1000000.00
$1881406.53
$-1875151.37
$345342.02
$116661.58
$0.00
$1122916.74
$0.00

$1172649.76
$17.46
$1204840.59
$-427626.34
$-370527.50

Account Events
Margin Calls
Overdrafts

0
0

Profitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

15
42
4
594

Unprofitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

7
20
1
438

Out of Market Timing
Average
Longest
Total
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10
40
1015

SIM_EPO_S1_EGX_9806: The optimized in-sample simulation of the exponential
price oscillator with zero or mid-line crossing applied to the EGX30 index for the
period 1/2/1998–6/29/2006.
Summary
SM_EPO_S1
Simulation Date 9/11/2015 1:16:13 PM
Optimized System

Performance
Profit
Performance
Annualized Performance
Buy & Hold Profit
Buy & Hold Performance
Buy & Hold Annualized Performance
Trade Summary
Total Trades
Trade Efficiency
Average Profit/Average Loss

EGX_9806 (EGX_9806)
2103 Daily Bars 1/2/1998 Through 6/29/2006 (3100 Days)

$10915524.97
1091.55 %
128.52 %
$3759212.20
375.92 %
44.26 %

34
-17.20 %
14.49

Profitable Trades
Total
Long
Short

13
13
0

Average Profit
Highest Profit
Lowest Profit
Most Consecutive

$921313.24
$6248973.51
$1179.60
3

Unprofitable Trades
Total
Long
Short

21
21
0

Average Loss
Highest Loss
Lowest Loss
Most Consecutive

$-63592.56
$-602020.96
$-12241.16
7

Maximum Position Excursions
Long Favorable
$6657037.86
Short Favorable
$0.00
Long Adverse
$-602020.96
Short Adverse
$0.00
Trade Efficiency
Average Entry
Average Exit
Average Total

59.43 %
23.37 %
-17.20 %

Average Long Entry
Average Long Exit
Average Long Total

59.43 %
23.37 %
-17.20 %

Average Short Entry
Average Short Exit

0.00 %

Average Short Total

0.00 %

0.00 %

Performance Indices
Buy & Hold Index
Profit/Loss Index
Reward/Risk Index
Accounting
Initial Equity
Trade Profit
Trade Loss
Commissions
Interest Credited
Interest Charged
Final Equity
Open Positions

190.37 %
89.10 %
99.86 %

$1000000.00
$11977072.11
$-1335443.69
$330445.16
$273896.55
$0.00
$11915524.97
$0.00

Account Variation
Highest Account Balance
Lowest Account Balance
Highest Portfolio Value
Highest Open Drawdown
Highest Closed Drawdown

$12446269.50
$20.76
$14651683.48
$-14875.68
$-16844.49

Account Events
Margin Calls
Overdrafts

0
0

Profitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

70
272
28
921

Unprofitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

11
30
1
239

Out of Market Timing
Average
Longest
Total
Optimization Variables
OPT1
OPT2
OPT3
OPT4
OPT5
OPT6
OPT7
OPT8
OPT9

97

26
134
943

26.00
10.00
N/A
N/A
N/A
N/A
N/A
N/A
N/A

SIM_EPO_S1_10/26_EGX_0614: The optimal out-of-sample simulation of the
exponential price oscillator with zero or mid-line crossing applied to the EGX30
index for the period 7/2/2006–12/31/2014.
Summary
SM_EPO_S1_26/10D
Simulation Date 9/11/2015 1:24:15 PM
Performance
Profit
Performance
Annualized Performance
Buy & Hold Profit
Buy & Hold Performance
Buy & Hold Annualized Performance

EGX_0614 (EGX_0614)
2047 Daily Bars 7/2/2006 Through 12/31/2014 (3104 Days)

$2669001.14
266.90 %
31.38 %
$834002.31
83.40 %
9.81 %

Trade Summary
Total Trades
Trade Efficiency
Average Profit/Average Loss

28
-3.58 %
2.85

Profitable Trades
Total
Long
Short

13
13
0

Average Profit
Highest Profit
Lowest Profit
Most Consecutive

$313819.10
$1193950.13
$17526.56
3

Unprofitable Trades
Total
Long
Short

15
15
0

Average Loss
Highest Loss
Lowest Loss
Most Consecutive

$-110000.84
$-272014.00
$-37085.32
4

Maximum Position Excursions
Long Favorable
$1682236.92
Short Favorable
$0.00
Long Adverse
$-292901.05
Short Adverse
$0.00
Trade Efficiency
Average Entry
Average Exit
Average Total

66.76 %
29.67 %
-3.58 %

Average Long Entry
Average Long Exit
Average Long Total

66.76 %
29.67 %
-3.58 %

Average Short Entry

0.00 %

Average Short Exit
Average Short Total

0.00 %
0.00 %

Performance Indices
Buy & Hold Index
Profit/Loss Index
Reward/Risk Index
Accounting
Initial Equity
Trade Profit
Trade Loss
Commissions
Interest Credited
Interest Charged
Final Equity
Open Positions
Account Variation
Highest Account Balance
Lowest Account Balance
Highest Portfolio Value
Highest Open Drawdown
Highest Closed Drawdown

220.02 %
61.80 %
99.85 %

$1000000.00
$4079648.36
$-1650012.58
$295984.94
$239365.36
$0.00
$3669001.14
$0.00

$4207685.93
$392.21
$4684683.17
$-3998.01
$0.00

Account Events
Margin Calls
Overdrafts

0
0

Profitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

75
136
30
984

Unprofitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

16
35
2
253

Out of Market Timing
Average
Longest
Total

98

27
157
810

SIM_EPO_S2_EGX_9806: The optimized in-sample simulation of the exponential
price oscillator with signal line crossing applied to the EGX30 index for the period
1/2/1998–6/29/2006.
Summary
SM_EPO_S2
Simulation Date 9/11/2015 1:32:17 PM
Optimized System

Performance
Profit
Performance
Annualized Performance
Buy & Hold Profit
Buy & Hold Performance
Buy & Hold Annualized Performance

EGX_9806 (EGX_9806)
2103 Daily Bars 1/2/1998 Through 6/29/2006 (3100 Days)

$8323951.34
832.40 %
98.01 %
$3759212.20
375.92 %
44.26 %

Trade Summary
Total Trades
Trade Efficiency
Average Profit/Average Loss

73
-0.60 %
2.66

Profitable Trades
Total
Long
Short

38
38
0

Average Profit
Highest Profit
Lowest Profit
Most Consecutive

$318757.85
$2374264.11
$3019.15
6

Unprofitable Trades
Total
Long
Short

35
35
0

Average Loss
Highest Loss
Lowest Loss
Most Consecutive

$-119787.27
$-1182201.13
$-910.33
5

Maximum Position Excursions
Long Favorable
$2999701.25
Short Favorable
$0.00
Long Adverse
$-1182201.13
Short Adverse
$0.00
Trade Efficiency
Average Entry
Average Exit
Average Total

60.37 %
39.03 %
-0.60 %

Average Long Entry
Average Long Exit
Average Long Total

60.37 %
39.03 %
-0.60 %

Average Short Entry

0.00 %

Average Short Exit
Average Short Total

0.00 %
0.00 %

Performance Indices
Buy & Hold Index
Profit/Loss Index
Reward/Risk Index
Accounting
Initial Equity
Trade Profit
Trade Loss
Commissions
Interest Credited
Interest Charged
Final Equity
Open Positions

121.43 %
66.50 %
99.92 %

$1000000.00
$12112798.32
$-4192554.51
$1032838.88
$403707.53
$0.00
$9323951.34
$0.00

Account Variation
Highest Account Balance
Lowest Account Balance
Highest Portfolio Value
Highest Open Drawdown
Highest Closed Drawdown

$11487828.32
$13.78
$12441821.08
$-6581.12
$0.00

Account Events
Margin Calls
Overdrafts

0
0

Profitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

19
43
6
757

Unprofitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

9
28
2
326

Out of Market Timing
Average
Longest
Total

13
40
1020

Optimization Variables
OPT1
OPT2
OPT3
OPT4
OPT5
OPT6

20.00
9.00
N/A
N/A
N/A
N/A

OPT7
OPT8
OPT9

N/A
N/A
N/A

99

SIM_EPO_S2_9/20_EGX_0614: The optimal out-of-sample simulation of the
exponential price oscillator with signal line crossing applied to the EGX30 index for
the period 7/2/2006–12/31/2014.
Summary
SM_EPO_S2_20/9D
Simulation Date 9/11/2015 1:41:27 PM
Performance
Profit
Performance
Annualized Performance
Buy & Hold Profit
Buy & Hold Performance
Buy & Hold Annualized Performance

EGX_0614 (EGX_0614)
2047 Daily Bars 7/2/2006 Through 12/31/2014 (3104 Days)

$1369395.84
136.94 %
16.10 %
$834002.31
83.40 %
9.81 %

Trade Summary
Total Trades
Trade Efficiency
Average Profit/Average Loss

93
-12.85 %
2.64

Profitable Trades
Total
Long
Short

35
35
0

Average Profit
Highest Profit
Lowest Profit
Most Consecutive

$91672.10
$365343.00
$109.14
3

Unprofitable Trades
Total
Long
Short

58
58
0

Average Loss
Highest Loss
Lowest Loss
Most Consecutive

$-34707.11
$-116543.12
$-18.32
8

Maximum Position Excursions
Long Favorable
$423322.97
Short Favorable
$0.00
Long Adverse
$-138134.55
Short Adverse
$0.00
Trade Efficiency
Average Entry
Average Exit
Average Total

53.94 %
33.20 %
-12.85 %

Average Long Entry
Average Long Exit
Average Long Total

53.94 %
33.20 %
-12.85 %

Average Short Entry

0.00 %

Average Short Exit
Average Short Total

0.00 %
0.00 %

Performance Indices
Buy & Hold Index
Profit/Loss Index
Reward/Risk Index
Accounting
Initial Equity
Trade Profit
Trade Loss
Commissions
Interest Credited
Interest Charged
Final Equity
Open Positions
Account Variation
Highest Account Balance
Lowest Account Balance
Highest Portfolio Value
Highest Open Drawdown
Highest Closed Drawdown

64.20 %
40.49 %
83.43 %

$1000000.00
$3208523.62
$-2013012.32
$515698.24
$173884.54
$0.00
$2369395.84
$0.00

$2430598.57
$49.45
$2543552.35
$-271953.29
$-221825.15

Account Events
Margin Calls
Overdrafts

0
0

Profitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

18
46
4
632

Unprofitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

6
43
1
396

Out of Market Timing
Average
Longest
Total

100

10
41
1019

SIM_AMA_EGX_9806: The in-sample simulation of the adaptive moving average
applied to the EGX30 index for the period 1/2/1998–6/29/2006.
Summary
SM_AMA_10
Simulation Date 9/30/2015 3:38:44 PM
Performance
Profit
Performance
Annualized Performance
Buy & Hold Profit
Buy & Hold Performance
Buy & Hold Annualized Performance
Trade Summary
Total Trades
Trade Efficiency
Average Profit/Average Loss

EGX_9806 (EGX_9806)
2103 Daily Bars 1/2/1998 Through 6/29/2006 (3100 Days)

$10730287.96
1073.03 %
126.34 %
$3759212.20
375.92 %
44.26 %

29
-45.73 %
47.59

Profitable Trades
Total
Long
Short

5
5
0

Average Profit
Highest Profit
Lowest Profit
Most Consecutive

$2348839.13
$9603195.09
$50507.36
3

Unprofitable Trades
Total
Long
Short

24
24
0

Average Loss
Highest Loss
Lowest Loss
Most Consecutive

$-49357.14
$-264827.51
$-3997.42
13

Maximum Position Excursions
Long Favorable
$12929442.49
Short Favorable
$0.00
Long Adverse
$-526810.88
Short Adverse
$0.00
Trade Efficiency
Average Entry
Average Exit
Average Total

33.88 %
20.39 %
-45.73 %

Average Long Entry
Average Long Exit
Average Long Total

33.88 %
20.39 %
-45.73 %

Average Short Entry
Average Short Exit
Average Short Total

0.00 %
0.00 %
0.00 %

Performance Indices
Buy & Hold Index
Profit/Loss Index
Reward/Risk Index
Accounting
Initial Equity
Trade Profit
Trade Loss
Commissions
Interest Credited
Interest Charged
Final Equity
Open Positions
Account Variation
Highest Account Balance
Lowest Account Balance
Highest Portfolio Value
Highest Open Drawdown
Highest Closed Drawdown

185.44 %
90.06 %
99.01 %

$1000000.00
$11744195.66
$-1184571.38
$281556.43
$170663.69
$0.00
$11730287.96
$0.00

$12285223.50
$10.26
$15603304.58
$-106987.34
$-108773.15

Account Events
Margin Calls
Overdrafts

0
0

Profitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

207
426
70
1038

Unprofitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length
Out of Market Timing
Average
Longest
Total

101

6
33
1
144

29
138
921

SIM_AMA_EGX_0614: The out-of-sample simulation of the adaptive moving
average applied to the EGX30 index for the period 7/2/2006–12/31/2014.
Summary
SM_AMA_10
Simulation Date 10/1/2015 9:57:38 AM
Performance
Profit
Performance
Annualized Performance
Buy & Hold Profit
Buy & Hold Performance
Buy & Hold Annualized Performance
Trade Summary
Total Trades
Trade Efficiency
Average Profit/Average Loss

EGX_0614 (EGX_0614)
2047 Daily Bars 7/2/2006 Through 12/31/2014 (3104 Days)

$2056438.07
205.64 %
24.18 %
$834002.31
83.40 %
9.81 %

32
-26.23 %
4.84

Profitable Trades
Total
Long
Short

11
11
0

Average Profit
Highest Profit
Lowest Profit
Most Consecutive

$281716.17
$1171353.14
$4969.44
3

Unprofitable Trades
Total
Long
Short

21
21
0

Average Loss
Highest Loss
Lowest Loss
Most Consecutive

$-58186.53
$-222035.63
$-16986.20
6

Maximum Position Excursions
Long Favorable
$1629610.33
Short Favorable
$0.00
Long Adverse
$-222056.56
Short Adverse
$0.00
Trade Efficiency
Average Entry
Average Exit
Average Total

54.85 %
18.92 %
-26.23 %

Average Long Entry
Average Long Exit
Average Long Total

54.85 %
18.92 %
-26.23 %

Average Short Entry

0.00 %

Average Short Exit
Average Short Total

0.00 %
0.00 %

Performance Indices
Buy & Hold Index
Profit/Loss Index
Reward/Risk Index
Accounting
Initial Equity
Trade Profit
Trade Loss
Commissions
Interest Credited
Interest Charged
Final Equity
Open Positions
Account Variation
Highest Account Balance
Lowest Account Balance
Highest Portfolio Value
Highest Open Drawdown
Highest Closed Drawdown

146.57 %
62.73 %
99.99 %

$1000000.00
$3098877.83
$-1221917.14
$281785.36
$179477.38
$0.00
$3056438.07
$0.00

$3188253.52
$29.04
$3640072.93
$-181.58
$0.00

Account Events
Margin Calls
Overdrafts

0
0

Profitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length

109
264
25
1199

Unprofitable Timing
Average Trade Length
Longest Trade Length
Shortest Trade Length
Total Trade Length
Out of Market Timing
Average
Longest
Total

102

8
47
1
169

19
212
679

